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Abstract

Childhood absence epilepsy (CAE) is a pediatric generalized epilepsy disorder char-
acterized by brief episodes of impaired consciousness and distinctive 2.5–5 Hz spike-wave
discharges (SWDs) on electroencephalography. With a well-established genetic aetiology,
this condition tends to resolve spontaneously during adolescence in most cases. While
several mechanisms have been proposed for remission, understanding remains insu�cient
to guide early intervention practices.

In this thesis, we first utilize a conductance-based thalamocortical network model
that exhibits characteristic SWDs, to demonstrate that allopregnanolone—a progesterone
metabolite known to enhance GABAa receptor-mediated inhibition—has an ameliorating
e↵ect on SWDs. To investigate the divergence between this finding and clinical observa-
tions, we developed an enhanced thalamocortical model that incorporates a layered cortical
structure to explore regional cortical heterogeneity and frontocortical connectivity as poten-
tial resistance factors to ALLO-mediated recovery. Our results suggest that non-resolving
CAE may be due not only to increased frontocortical connectivity but also to the composi-
tion of cell types within the network. Specifically, a higher proportion of bursting-type cells
may prevent the therapeutic e↵ects of allopregnanolone. We extended our investigation
to examine whether these findings apply to CAE caused by di↵erent genetic mechanisms,
particularly mutations in sodium channel genes by modelling their e↵ects at the individ-
ual neuron level. Furthermore, we examined the degree to which these alterations lead to
network-level pathological activity, as well as the influence of ALLO on these genetically
distinct networks. Our results demonstrate that ALLO facilitates recovery from SWDs
regardless of the underlying mutation type. However, enhanced frontocortical connectivity
prevents recovery in some mutation types, particularly when mutation e↵ects are severe.

Altogether, the multi-scale computational framework developed in this thesis demon-
strates that CAE remission is determined by complex interactions between hormonal influ-
ences, genetic factors, and network connectivity patterns. The results suggest that certain
genetic mutations may predispose individuals toward either remission or non-remission,
which can be further modulated by connectivity profiles. In particular, enhanced fronto-
cortical connectivity appears to be a significant factor in resistance to hormone-mediated
remission. Additionally, this thesis develops techniques for analyzing transitions between
distinct dynamical states in neural systems, incorporates genetic and hormonal factors into
conductance-based models, and provides a computational framework to identify key param-
eters governing epileptic activity. These approaches not only advance our understanding
of CAE specifically, but o↵er generalizable insights into the mathematical modelling of
neurological conditions characterized by spontaneous shifts in brain dynamics.
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Chapter 1

Introduction

Initially thought to be a spiritual disease, epilepsy is one of the oldest recognized conditions
dating back to 2000 BC [144]. It is one of the most common neurological diseases of
the brain a↵ecting over 65 million people worldwide of all ages, races, and social classes
[10, 144]. It is characterized by recurrent unprovoked seizures, which are brief, abnormal,
excessive discharges of neuronal activity in the brain. During a seizure, abnormal neuronal
activity can cause recruitment of neighbouring neurons in the network resulting in a pattern
of hypersynchrony due to an imbalance of excitation-inhibition within the neuronal network
by means of increased excitation, reduced inhibition or both [144]. In general, epileptic
seizures are well-controlled with appropriate diagnosis-dependent treatment in the large
majority of cases with the rate of patients entering prolonged periods of remission or
terminal remission varying with factors such as epilepsy type and age of onset [10]. There
are many di↵erent types of epileptic seizures, and broadly speaking, they fall into three
major groups: focal, generalized, and unknown onset seizures. While focal onset seizures
originate in a localized area of the brain and sometimes have the ability to spread to both
sides of the brain (bilateral), generalized onset seizures a↵ect both sides of the brain at
once. Unknown onset seizures are typically used to describe seizures wherein the onset site
is unknown [60]. Within each group, seizures can be of the convulsive or non-convulsive
type. Convulsive seizures present motor symptoms such as jerking movements (clonic),
rigidity of muscles (tonic), weakening of muscles (atonic), muscle twitching (myoclonus) or
epileptic spasms. Non-convulsive seizures, also known as absence seizures, usually present
non-motor symptoms such as lack of movement (behaviour arrest) and loss of consciousness
[60].

Besides identifying observable seizure characteristics, one of the methods used to de-
tect and classify epilepsy type is through an electroencephalogram (EEG). An EEG is
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a non-invasive diagnostic tool that detects abnormal electrical brain activity using small
electrodes placed on various locations on a patient’s scalp. These electrodes conduct and
amplify electrical discharges produced by underlying neural activity. EEG signals can be
categorized into various frequency bands corresponding to di↵erent behaviour and brain
states. Some brain rhythms such as sleep spindles and spike-wave discharges are also de-
scribed by the shape of the waveform [112]. Sleep spindles are neural oscillations exhibited
in mammals during non-REM sleep and fall in the frequency range with a lower bound at
8-9 Hz or 11 Hz and an upper bound at 16 Hz for humans, as illustrated in Figure 1.1A [90].
A spike is characterized by a sharp outline and a duration of 20 to 70 milliseconds (ms)
whereas a slow wave lasts more than 200 ms [5, 126]. The spike-wave discharge pattern
describes brief spikes followed by a slow wave, as illustrated in Figure 1.1B.

Figure 1.1: Electroencephalographic (EEG) recordings in human patients displaying spin-
dle oscillations (A) and an approximately 3 Hz spike-wave pattern (B). Adapted from a
public domain image and [24], respectively; both via Wikimedia Commons.

One of the hallmark EEG patterns observed in childhood absence epilepsy (CAE) is
the presence of rhythmic 2.5–5 Hz spike-wave discharges [75, 67]. Childhood absence
epilepsy is an idiopathic generalized epilepsy syndrome, accounting for approximately 18%
of epilepsy in school-aged children, with a typical age of onset between 4 and 12 years.
With an incidence rate of approximately 6.3–8.0 children per 100000 per year [84], it is
interestingly more prevalent among girls, comprising 60–70% of CAE cases [206]. Absence
seizures in CAE are characterized by brief periods of severe loss of consciousness occurring
multiple times a day, with episodes lasting 3 to 20 seconds. Children may stare blankly
into space, accompanied by an upward roll of their eyeballs, and oftentimes seizures may
go unnoticed or be mistaken for daydreaming or inattention [84].

Based on many years of mounting experimental data, the thalamocortical circuit con-
sisting of pyramidal neurons and interneurons in the cortex, thalamic relay neurons and
reticular thalamic neurons in the thalamus is considered to play a central role in the patho-
physiology of absence seizures [53]. Some electrophysiological studies also suggest that this
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circuit has the ability to transform physiological sleep spindles into spike-wave discharges
[75, 110].

In addition to these electrophysiological findings, the genetic landscape of CAE is com-
plex, with various causes and molecular pathways involved. Specifically, genetic aetiology
in CAE patients has been linked to mutations in genes that encode ion channels and neuro-
transmitter receptors [38, 172, 136]. These mutations involve sodium channel genes such as
SCN2A and SCN8A, calcium channel genes such as CACNA1H, CACNA1G, as well as
genes encoding subunits of the �-aminobutyric acid (GABA) receptor, including GABRG2
[35, 208, 156, 209, 109].

One of the most confounding features of CAE is its ability to resolve in adolescence,
with reported remission rates ranging from 56 to 84% of cases. In some instances, how-
ever, CAE may evolve into other generalized epilepsy syndromes [84, 136]. There are many
factors hypothesized to be mechanisms behind remission, including antiepileptic drugs, ge-
netic predisposition, and pre-treatment intrinsic connectivity di↵erences between patients
who ultimately experience remission and those who do not [13, 116, 39, 29, 104, 190].
However, there remains an inadequate understanding of these factors due to their sig-
nificant variability. Interestingly, circumstantial accounts of the prognosis of untreated
epilepsy, mostly limited to resource-poor countries, show rates of spontaneous remission
ranging from 31–42%, although these studies are not exclusive to childhood-onset epilepsy
syndromes [113, 11]. Accurately determining the true rate of spontaneous remission in
CAE would realistically require assigning newly diagnosed patients to either a treatment
or no-treatment protocol, a proposition that would not be ethically sound.

Given that remission often occurs at adolescence (a time of onset of puberty), the role
of sex hormones in CAE is also suspected [197]. This association is further supported
by the phenomenon of catamenial exacerbation of epileptic seizures. Catamenial epilepsy
refers to seizure exacerbation that coincides with cyclical changes in circulating levels of
ovarian steroid hormones during the menstrual cycle [66]. The cyclical variation of steroid
serum levels and its positive correlation with seizure frequency implies a neuroactive role
of sex steroid hormones. There is substantial evidence from both clinical studies as well
as animal experiments on the e↵ect of progesterone (and its metabolite allopregnanolone)
on human and animal EEG [204]. In particular, administration of progesterone has been
shown to exacerbate absence seizures [26, 197] while allopregnanolone has the ability to
enhance and prolong neurotransmitter receptor function, resulting in enhanced inhibition
[24, 127].

Researching childhood absence epilepsy in clinical settings is uncommon for several
reasons. Among these are the young age of patients and the potentially invasive nature
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of the study. Hence, the use of animal models, especially genetic models in rats and
mice, is quite common [45]. Genetic models involve animals with specific genetic defects
that contribute to displaying symptoms similar to those seen in human epilepsy. They
are particularly useful for studying the pathophysiology of absence seizures, as they closely
resemble the spontaneous occurrence of this condition in humans [36]. Two of the most well-
described models are the Wistar Albino Glaxo/Rijswijk (WAG/Rij) rats and the Genetic
Absence Epilepsy in Rats from Strasbourg (GAERS) rats [95]. Similar to other genetic
models of CAE, these two models exhibit bilateral and synchronized SWDs with similar
waveforms on the EEG. However, there are some key di↵erences between genetic rodent
models and human patients, namely that the frequency of SWDs is higher (between 5-11
Hz), the age of SWD initiation is di↵erent, and disease remission with age is not observed
[198, 95].

Another powerful method to understand the underlying brain dynamics is the use of
mathematical and computational modelling tools. All mathematical models are abstrac-
tions of the system being studied, with the ultimate goal of su�ciently reducing system
complexity while still preserving its key features. The choice of the model largely hinges
on the question being addressed, balancing scale against complexity while concurrently
utilizing existing knowledge about the system of interest. Broadly speaking, models in
neuroscience can be categorized as being biophysical or phenomenological in nature, each
its own level of abstraction. These categories encompass a spectrum ranging from the
microscopic scale, focusing on a subcellular to cellular level, to the macroscopic scale, en-
compassing descriptions of specific circuits, brain regions, or the entire brain/organism
level, as illustrated in Figure 1.2.

Phenomenological models describe an empirical relationship and capture patterns of
relevant activity. The model-defining equations are motivated by the observed phenomena
that emerge from more complex processes, making them computationally e�cient. Some
well-known examples include the Integrate-and-Fire models, Izhikevich model, FitzHugh-
Nagumo model, among others [92]. Each of these models is capable of producing action
potential-like patterns without explicitly modelling the dynamics of intrinsic ionic currents
or ion channels. In addition to capturing the observed phenomena, biophysical models
describe the underlying biophysical mechanisms driving it. These models can vary in com-
plexity and computational demand, depending on the level of biological realism required.
More generally, they fall under the class of conductance-based models. Some well-known
examples include the Hodgkin-Huxley model and the Morris-Lecar model [176, 147].

Despite extensive research into childhood absence epilepsy, there remains a significant
gap in our understanding of mechanisms underlying remission. Current research predomi-
nantly focuses on broad prognostic indicators, with remission typically considered only as
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Figure 1.2: Spectrum of mathematical models used in computational neuroscience, orga-
nized along two primary axes: biological realism and scale. Exemplar models are positioned
according to their typical level of abstraction and spatial scale [85, 124, 192, 106, 49, 20,
159, 93, 147, 205, 65, 150, 72, 91, 33].

a secondary outcome rather than a primary objective. While genetic analyses identifying
predisposing variants, early treatment studies, and evaluations of diagnostic markers aim
to predict disease trajectory, the specific biological and network-level pathways leading to
remission remain underexplored. Animal models, particularly genetic models, have proven
valuable for assessing the e↵ects of antiepileptic drugs, characterizing seizure dynamics,
and studying the genetic basis of the disease. Meanwhile, computational approaches have
contributed significantly to our understanding of the thalamocortical dynamics that gen-
erate absence seizures. However, these approaches have not been systematically combined
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to specifically model remission. This limitation is compounded by several challenges such
as inconsistent definitions of remission in the literature, the practical di�culties in con-
ducting resource-intensive longitudinal studies, and the inherent clinical heterogeneity of
CAE. Beyond its biological significance, modelling CAE remission presents substantial
mathematical and computational challenges. The multi-scale nature of the thalamocor-
tical network demands the integration of processes occurring at di↵erent spatial levels,
from molecular interactions at ion channels and synapses, to activity at the level of in-
dividual neurons, and the resulting network behaviour. As a result, we lack a modelling
approach that comprehensively captures how various individual factors—such as hormonal
influences, genetic predisposition, and alterations in network connectivity—interact across
these multiple scales to facilitate disease remission.

To address this knowledge gap, this thesis develops a multi-scale, conductance-based
model of the thalamocortical network that integrates hormonal modulation, genetic muta-
tions, and cellular- and network-level factors. Across a series of investigations, the model
is extended and refined to explore distinct but interrelated mechanisms underlying CAE:
the e↵ect of neurosteroids, such as allopregnanolone, on inhibitory transmission mediated
by GABA receptors; the influence of neuronal heterogeneity and regional cortical con-
nectivity; and the di↵erential e↵ects of disease-causing mutations in genes, including the
GABRG2, SCN2A, and SCN8A. Through this integrated approach, the model aims
to uncover mechanistic pathways that contribute to both remission and non-remission in
CAE. Additionally, this thesis contributes to applied mathematics by developing techniques
for analyzing transitions between distinct dynamical states in neural systems, establish-
ing methods to incorporate genetic and hormonal factors into conductance-based models,
and providing a computational framework that can help identify critical parameters gov-
erning epileptic activity. These approaches not only advance our understanding of CAE
specifically, but o↵er generalizable insights into the mathematical modelling of neurological
conditions characterized by spontaneous shifts in brain dynamics.

The remainder of this thesis is organized as follows:

In Chapter 2, we provide an overview of the neuroanatomy and electrophysiology of neu-
rons, with a focus on the conductance-based modelling framework. This includes a detailed
discussion of synaptic models and the thalamocortical circuitry relevant to absence epilepsy.
We also review the role of neurotransmitters in absence epilepsy and discuss how hor-
monal influences—particularly the progesterone metabolite allopregnanolone—modulate
inhibitory neurotransmitter systems, particularly GABAergic signalling.

In Chapter 3, we utilize a well-established conductance-based model of the thalamo-
cortical circuit to investigate how mutations in the genes encoding ion channels (i.e., low-
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threshold calcium channel) and neurotransmitter receptors (i.e., GABAa receptors) alter
network behaviour. The model successfully reproduces the transition from healthy spindle
oscillations to pathological spike-wave discharges through either cortical disinhibition or
modifications in calcium conductance. We then model the e↵ect of allopregnanolone by
calibrating synaptic parameters to fit experimental data and explore how ALLO-mediated
changes in inhibition influence spike-wave discharges. Additionally, through a systematic
examination of region-specific di↵erences in ALLO synthesis, we analyze its influence on
individual components of the thalamocortical circuit. This chapter has been published in
the Journal of Computational Neuroscience [3].

Chapter 4 builds on our work in Chapter 3 by developing an enhanced thalamocortical
network that improves the previous representation of the cortical circuitry. Specifically,
we introduce a layered cortical structure incorporating specialized neurons from cortical
layers 5 and 6. This revised model balances physiological realism with computational
e�ciency. Using this framework, we investigate how variations in neuronal composition—
including di↵erent ratios of intrinsically bursting and regular spiking neurons—a↵ect the
generation and propagation of spike-wave discharges. We also examine the impact of
enhanced frontocortical connectivity on pathological network dynamics, aiming to identify
network features that may distinguish resolving from non-resolving CAE networks.

In Chapter 5, we explore how sodium channel mutations implicated in CAE a↵ect
neuronal excitability and, in turn, influence network-level activity—particularly the emer-
gence of spike-wave discharges. Building on the modelling framework from Chapter 4, we
investigate whether specific sodium channel variants predispose networks to resist ALLO-
mediated resolution of spike-wave discharges. This analysis provides insight into whether
certain mutations may underlie a predisposition to non-remission. Additionally, we exam-
ine how these mutations interact with frontocortical connectivity to assess their potential
combined contribution to persistent pathological network states, even in cases involving
mutations found to be associated with remission.

Finally, in Chapter 6, we summarize the key findings of this thesis, highlight the impli-
cations of our work, and discuss its relevance to understanding the underlying mechanisms
of remission in childhood absence epilepsy. We also propose potential avenues for future
research, considering both experimental and computational approaches.
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Chapter 2

Background

2.1 Neuroanatomy

Despite the vast diversity found in vertebrate nervous systems, they all share a basic
structure: a central nervous system (CNS), which consists of the brain and spinal cord [56].
Neurons, numbering in the hundreds of billions, are the individual signalling elements that
work together to keep the nervous system functioning [97]. They exhibit vast morphological
and functional diversity and typically have four morphologically defined regions, each with
a distinct function: the cell body (soma), dendrites, axon, and axon terminals, as illustrated
in Figure 2.1. The most common structure of a neuron in vertebrates consists of a soma,
a single branching axon and many dendritic branches [98]. The soma, which contains the
nucleus, is fundamental to a neuron’s survival. The dendrites branch out from the soma
and receive incoming signals from other neurons. Most neurons have a single axon that
extends from the soma and can vary in length from a millimeter to over a meter [97].
The axon’s primary function is to conduct electrical impulses called action potentials (also
referred to as a spike), illustrated in Figure 2.2.

As the name suggests, the CNS functions as the central control system, managing
and coordinating sensory input, motor output, and higher cognitive functions. The brain
is commonly divided into three broad regions: the hindbrain, midbrain, and forebrain.
The hindbrain is responsible for several vital autonomic functions, including breathing,
heart rate regulation, and the modulation of movement and motor skill learning. The
midbrain governs sensory and motor functions, such as visual and auditory reflexes. The
forebrain, responsible for more complex sensory processing, sensorimotor integration, and
motor initiation, is composed of two major regions: one that includes the thalamus, and

8



Figure 2.1: An illustration of a typical pyramidal neuron. Created with BioRender.com.

Figure 2.2: An example of an action potential.

another consisting of the cerebrum, which encompasses the visible cerebral cortex as well
as various subcortical structures. [98].

The cerebral cortex is divided into four major lobes as illustrated in Figure 2.3: frontal,
parietal, occipital, and temporal. Each lobe carries out specialized neural functions. The
frontal lobe, the largest of the four, is involved in motor control and is responsible for higher
executive functions essential for human behaviour, such as planning, decision-making, and
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emotional regulation. The parietal lobe is responsible for perceiving and processing sensory
input. The occipital lobe governs visual processing and interpretation, while the tempo-
ral lobe processes auditory information and plays a key role in language comprehension,
memory, and emotional responses [98, 96].

Figure 2.3: The four major lobes of the cerebral cortex–frontal, parietal, temporal, and
occipital–along with the thalamus. Created with BioRender.com.

The human cerebral cortex varies in thickness from 1–4.5 mm [64] and can be divided
into six distinct horizontal layers. It is predominantly composed of two types of neurons:
pyramidal and non-pyramidal. Pyramidal neurons, the main source of output from the
cortex, are excitatory projection neurons that can exhibit various firing behaviours, in-
cluding regular spiking and bursting [7]. These neurons have pyramid-shaped cell bodies,
with dendrites that may project either apically (toward the cortical surface) or basally
(parallel to the surface). A single axon extends from the soma, projecting to other cortical
layers or subcortical regions, including areas like the thalamus. Non-pyramidal neurons
can be further classified into numerous types based on their morphology, with some be-
ing excitatory, though most are inhibitory interneurons that project locally [177, 131, 7].
The cortical layers are organized as follows: the first layer consists mostly of dendrites
and axons from numerous neurons, forming several synaptic connections within this layer.
Layer 2/3, known as the external pyramidal layer, contain mostly pyramidal neurons along
with some non-pyramidal neurons that establish both intra-cortical and inter-cortical con-
nections. The axons of most non-pyramidal neurons reside in layer 4. A high density of
pyramidal neurons comprise layer 5, the internal pyramidal layer, and it is the main output
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station of the cortex. Layer 6 contains many pyramidal cells in its upper region, while its
deeper part consists of various types of excitatory non-pyramidal neurons and inhibitory
interneurons [7, 161, 68].

The thalamus is a major sensory and motor relay station for the cortex, modulating
the passage of specific information depending on the behavioural state [98]. It is composed
of several specialized structures, known as nuclei, each receiving specific sensory input and
projecting to particular cortical areas. The outer layer of the thalamus is formed by the
reticular nucleus, which, although it does not project directly to the cortex, plays a crucial
role in regulating thalamocortical communication [98]. While neurons within the reticular
nucleus are inhibitory, most neurons in the other thalamic nuclei are excitatory.

As the conventional model of cortical processing suggests and illustrated in Figure 2.4,
thalamic input primarily targets cortical layer 4, although some thalamic neurons also
project to layers 5 and 6, and to a lesser extent, other layers. Projections from layer 4 are
mainly directed to layer 1, layer 2/3, and layer 5. Layer 2/3 neurons predominantly target
layer 5, with additional projections to other layers. Within layer 5, some neurons project
to layer 6 and to either layer 1 or layer 2/3 [81]. Layer 6 neurons primarily project to deep
layers and exclusively to the thalamus [179].

Action potentials are the main mode of communication between neurons, and they can
vary in both shape and size. Di↵erent neurons exhibit distinct patterns of action potential
firing, as illustrated in Figure 2.5 [117]. The axon terminals, responsible for transmitting
information away from the cell body, branch out near the end of the axon. They are the
main points of contact with other neurons, and their zone of communication is known as
a synapse, illustrated in Figure 2.6. The majority of synapses in the nervous system, and
those relevant to this work, are chemical synapses. The axon terminal contains vesicles
filled with neurotransmitter molecules, which are chemicals involved in neurotransmission.
The primary neurotransmitters are glutamate and GABA [61]. A presynaptic neuron is
the one in which a signal is initiated, while a postsynaptic neuron is the one receiving
the signal. The narrow space between a presynaptic and postsynaptic neuron is known
as the synaptic cleft. Upon excitation of a presynaptic neuron and once an action po-
tential reaches the end of the presynaptic terminal, several processes occur that result in
the release of neurotransmitter molecules into the synaptic cleft. These molecules di↵use
across to bind to specific receptors on the dendrites of the postsynaptic neuron, which then
activate or inactivate certain ion channels, depending on the type of neurotransmitter [61].
The neurotransmitter glutamate stimulates two types of receptors: AMPA/kainate, and
NMDA, both of which cause excitation of the postsynaptic membrane. On the contrary,
GABA is the main inhibitory neurotransmitter. There are two main receptors for GABA:
GABAa and GABAb. While GABAa receptors generally mediate fast inhibition, with
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Figure 2.4: Schematic illustrating projections from and within the layered structure of the
cortex (pink), including inputs from the thalamus (blue). Arrows indicate the direction of
projection. Created with BioRender.com.

multiple subtypes contributing to diverse time courses, GABAb receptor activation follows
a series of intracellular events, resulting in slower inhibition [61]. Additionally, GABAa-
mediated inhibition can vary significantly between childhood and adulthood. Thus, the
type of neurotransmitter and receptors involved determines whether the postsynaptic neu-
ron’s likelihood of initiating an action potential is increased or decreased [25].
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Figure 2.5: Examples of neuronal firing patterns include tonic or regular spiking (left),
bursting (middle), and spike-frequency adaptation (right).

2.2 Neuron electrophysiology

The transmission of a neuronal signal within a neuron relies primarily on the movement
of ions across the cell membrane, while communication between neurons typically involves
chemical signalling. All living cells maintain di↵erences in ion concentrations across their
membranes, creating a potential di↵erence known as the membrane potential, VM . Math-
ematically, it can be defined as

VM = Vin � Vout

where Vin is the potential inside the cell, and Vout is the potential outside the cell. The
resting membrane potential is defined as the membrane potential when the cell is at rest
(i.e. in a non-excited state). A typical neuron has a resting membrane potential value of
approximately -70 mV [61].

The cell membrane is composed of two layers of phospholipids, known as a lipid bilayer,
approximately 3 to 4 nm thick, as illustrated in Figure 2.7 [1]. Hydrophilic (polar) heads
face the inside and outside of the cell, while hydrophobic (non-polar) tails face towards
each other. Several ions are present on both sides of the cell membrane, including Na+,
K+, Cl� (chloride), Ca2+ (calcium), and Mg2+(magnesium). In a typical neuron, they
are unequally distributed such that the concentration of Na+ and Cl� ions is much higher
outside the cell, while the relative concentration of K+ is higher intracellularly, creating
a chemical gradient across the membrane. The membrane is a poor conductor of ionic
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Figure 2.6: Schematic of a chemical synapse illustrating neurotransmitter release from the
presynaptic axon terminal upon excitation (green signal), followed by receptor binding
on the postsynaptic membrane. The resulting postsynaptic response may be excitatory
(blue) or inhibitory (red), depending on the type of neurotransmitter involved. Created
with BioRender.com.

currents and impermeable to most charged molecules. As a result, ions require channel
proteins, namely ion channels and ion pumps, embedded in the membrane to facilitate their
movement. Some ion channels are non-gated which means they are always open (i.e. leak
channels), while others are gated with the probability of opening and closing dependent on
the membrane potential, referred to as voltage-gated channels, or by the binding of specific
molecules, referred to as ligand-gated channels. Ion channels are usually selective for a
particular ion and transport it along its concentration gradient. This movement of ions is
referred to as passive transport. The maintenance of concentration gradients for sodium
and potassium are a product of an active transport mechanism, namely the Na+/K+ pump
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which uses the energy of ATP hydrolosis to move three Na+ ions out of the cell and two
K+ ions into the cell. The resting membrane potential is a result of both the existence
of a maintained chemical gradient of mainly Na+, K+, and Ca2+ ions, and a relative
permeability of the membrane to those ions [61].

Ion movement across the membrane is governed by two forces: the chemical gradient,
which drives ions from areas of high to low concentration, and the electrical potential across
the membrane, which attracts or repels charged particles. For a given ion, equilibrium is
reached when these two forces are exactly balanced—that is, when the outward movement
due to the concentration gradient is matched by the inward pull of the electrical gradient,
resulting in no net flux. The membrane potential at which an electro-chemical balance of
forces occurs is called the equilibrium, reversal or Nernst potential [61]. The equilibrium
potential is di↵erent for di↵erent ions and can be calculated using the equation formulated
by the German physical chemist, Walther Nernst in 1889, known as the Nernst equation
[178]:

Eion = �RT

zF
ln

[X]in
[X]out

(2.1)

where R is the gas constant, T is the absolute temperature in kelvin, z is the valence of
the ion, F is Faraday’s constant, and [X]in and [X]out are the respective intracellular and
extracellular concentration of the ion X [61].

2.3 Modelling neurons

Mathematical models in neuroscience can be classified into biophysical or phenomenolog-
ical categories, varying in their complexity and level of detail, as discussed in Section 1.
Phenomenological models simply describe empirical relationships and convey observed phe-
nomena, whereas biophysical models go further by incorporating the underlying biophys-
ical mechanisms driving these phenomena. In the context of neuron modelling, whether
at the level of single neurons or entire networks, the predominant biophysical model is
the conductance-based or Hodgkin-Huxley (HH) type model. This model takes into ac-
count diverse properties of ion and synaptic channels where action potentials are generated
explicitly from the model dynamics.

The Nobel Prize-winning work by Alan Hodgkin and Andrew Huxley from 1938 to
1952 was one of the most significant conceptual breakthroughs in neuroscience, and trans-
formed our understanding of neuronal function. Experimenting on a squid giant axon,
they obtained the first intracellular recording of an action potential [176]. Furthermore,
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using the voltage-clamp technique, they were able to determine the contribution of sodium
(Na+) and potassium (K+) ions to the action potential. In particular, a fast inward current
caused by an influx of Na+ ions and a more slow outward current carried byK+ ions. Their
voltage-clamp protocol allowed them to conclude that both Na+ and K+ currents were a
result of independent gating mechanisms that changed as a function of membrane potential
and time [82]. Subsequently, they integrated their experimental data into a quantitative
model, thereby developing the first mathematical description of neuronal excitability. This
provided a framework for what are known as conductance-based models or models of the
Hodgkin-Huxley formalism.

Conductance-based models are based on an equivalent circuit representation of a cell
membrane, as formalized by Hodgkin and Huxley. The cell membrane is modelled as a
capacitor due to its structure as a thin, insulating layer that prevents the free flow of ions,
allowing opposite charges to accumulate on either side. Ion channels are modelled as resis-
tors, and a battery represents the driving force which is a result of the ionic concentration
gradient. An illustration of this representation is provided in Figure 2.7.

Figure 2.7: An equivalent electrical circuit representation of a neuronal membrane with
multiple ion channels. Created with BioRender.com.

The membrane capacitance Cm, the voltage across the membrane V , and the distribu-
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tion of excess charge Q are related by the following equation:

Q = CmV (2.2)

To determine the amount of current required to change the membrane potential at a
given rate, Equation (2.2) can be di↵erentiated with respect to time to obtain the capaci-
tance current given by:

IC = Cm

dV

dt
(2.3)

where IC = dQ

dt
.

The total current across the membrane Im has two components: one associated with
the membrane capacitance, IC , and another associated with the flow of ions through ion
channels, Iion. Each ion channel is modelled as a resistor in series with a battery, where
the resistor represents ion channel permeability, Rion, and the battery represents the ion’s
equilibrium potential, Eion. The voltage di↵erence across the cell membrane is the sum of
the voltage drops across these two components, given by the following equation:

V = RionIion + Eion (2.4)

Rearranging,
V � Eion = RionIion (2.5)

where V �Eion is the driving force due to the ion concentration gradient across the mem-
brane. Thus, the ionic current can be expressed as

Iion = gion · (V � Eion) (2.6)

where gion = 1
Rion

is the conductance of the ion channel for the particular ion. The con-
ductance may depend on membrane voltage, as will be discussed below.

According to Kirchho↵’s current law, the total current into the cell must sum to zero.
This means that

IC + Iion = 0 (2.7)

Cm

dV

dt
= �gion(V � Eion) (2.8)

In the presence of multiple ion channels, as is usually the case, the total ionic current
is the sum over the di↵erent channel types. For k types of ion channels:

Cm

dV

dt
= �

kX

i=1

gi(V � Ei), i = 1 to k
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Conductance is a result of the opening of several microscopic channels in the membrane.
Ion channels may have gates of di↵erent types, namely activation and inactivation, where
these gating mechanisms involve complex conformational structure changes [1]. In the
case of voltage-gated channels, the probability of opening or closing of a gate depends on
the membrane potential. Such gate models can be described using the following kinetic
scheme:

C
↵(V )
⌦
�(V )

O

where C and O correspond to the closed and open states, respectively, and ↵(V ) and �(V )
are voltage-dependent rate constants denoting the rate at which a gate transitions from
the closed to open and from open to the closed state, respectively.

Let x represent the fraction of open gates, and (1�x) the fraction of gates in the closed
state. Then, using the law of mass action we get that:

dx

dt
= ↵(V )(1� x)� �(V )x =

x1(V )� x

⌧x(V )
(2.9)

x1(V ) =
↵(V )

↵(V ) + �(V )
and ⌧x(V ) =

1

↵(V ) + �(V )
(2.10)

where x1(V ) is the steady-state gating variable function and ⌧x(V ) represents the time
course for approaching the steady-state. In other words, for a fixed voltage value V ,
the variable x approaches the value x1(V ) with a time constant ⌧x(V ). In experimental
practice, the steady-state gating function, x1(V ), is often determined by fitting data from
voltage-clamp experiments using a Boltzmann function, as will be discussed in Section
2.3.1.

More generally, the standard equation describing a single cell with a membrane con-
taining k types of ion channels can be given by the following equation:

Cm

dV

dt
= �

kX

i=1

ḡi ·mN

i
· hM

i
· (V � Ei), i = 1 to k (2.11)

where ḡi represents the maximal conductance for a particular ion channel, m and h are
activation and inactivation gating variables, respectively, and N and M are integer powers
which in practice are fit to data. However in some cases, these integer powers can be
interpreted as a functional definition of the number of independent gating events that need
to occur for the opening of a gate or the number of independent gating components in a
single channel [1, 61]. In fact, the right side of Equation (2.11) may contain other current
sources such as an external applied current or synaptic currents due to connectivity with
other neurons, as will be discussed in Section 2.4.
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2.3.1 Experimental characterization of ionic currents

To bridge the gap between ion channel models and experimental data, voltage-clamp ex-
periments are commonly used to measure ionic currents across the membrane at controlled
voltages. In these experiments, the membrane potential is continuously compared to a set
command value. If a di↵erence is detected, a current is injected to maintain the desired
voltage. This injected current is equal and opposite to the membrane current, allowing the
precise measurement of the ionic currents active at any given moment [4]. A key exper-
imental outcome is the steady-state activation or inactivation curve, which describes the
relationship between the steady-state value of a gating variable and the membrane poten-
tial. To obtain this curve, the ionic current (or conductance) is normalized and plotted
against the membrane potential [188]. This normalized data is then typically fitted to a
Boltzmann function of the following form:

x1 =
1

1 + e
�V +V1/2

k

(2.12)

r1 =
1

1 + e
V �V1/2

k

(2.13)

where x and r represent activation and inactivation gating variables, respectively, V is
the membrane potential, V1/2 is the voltage at half-activation, and k is the slope factor
representing the steepness of the voltage-dependent transition between closed and open
states of the channel. These curves can be shifted by altering the voltage at which the
channel transitions between states. Modifying V1/2 adjusts the voltage at which half of
the channels are activated or inactivated, while changes in k a↵ect the steepness of the
transition, as illustrated in Figure 2.8. This shift provides valuable information about the
channel’s sensitivity to changes in membrane potential and its behaviour under di↵erent
conditions, such as the application of a drug or channel mutation.

2.3.2 Hodgkin-Huxley model

The Hodgkin-Huxley model is a system of four di↵erential equations that take the form of
Equations (2.11)–(2.10) to compute the membrane potential, and characterize key prop-
erties of the ionic conductances underlying action potentials. The model includes a term
representing externally applied current, Iapp. The term representing ionic currents in Equa-
tion (2.11) is subdivided into three components of ionic currents as measured by Hodgkin
and Huxley. These are Na+, K+ and a Leak current which consists mainly of chloride
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Figure 2.8: Demonstration of the e↵ects of varying V1/2 (A) and k (B) on the steady-
state activation curve described by Equation (2.12) (and similarly for Equation (2.13)).
Shifting V1/2 in the depolarizing or hyperpolarizing direction alters the voltage at which
the ion channel transitions between states, while modifying k changes the steepness of this
transition.

ions but may also have other ions in small amounts. The model equations are as follows:

Cm

dV

dt
= Iapp � ḡNam

3h(V � ENa)� ḡKn
4(V � EK)� ḡLeak(V � ELeak) (2.14)

dx

dt
= ↵x(V )(1� x)� �x(V )x for x = m,h, n (2.15)

where

↵m(V ) =
2.5� 0.1(V � Vrest)

exp (2.5� 0.1(V � Vrest))� 1
and �m(V ) = 4 exp

⇣Vrest � V

18

⌘
(2.16)

↵h(V ) = 0.07 exp
⇣Vrest � V

20

⌘
and �h(V ) =

1

1 + exp (3� 0.1(V � Vrest))
(2.17)

↵n(V ) =
0.1� 0.01(V � Vrest)

exp (1� 0.1(V � Vrest))� 1
and �n(V ) = 0.125 exp

⇣Vrest � V

80

⌘
(2.18)

where m and h are the sodium activation and inactivation variables, respectively, and n
is the potassium activation variable. This means that Na+ channels both activate and
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inactivate, while the K+ channel only activates. These equations above were derived by
Hodgkin and Huxley to fit their observations of the di↵erent currents. For illustration
purposes, the steady-state variable functions and time constants are given in Figure 2.9.
The measured resting potential Vrest was originally set to 0 mV. The reversal potentials were
measured to be ENa = 115+Vrest mV, EK = �12+Vrest mV, and ELeak = 10.6+Vrest mV.
The maximal conductances were measured to be ḡNa = 120 mS/cm2, ḡK = 36 mS/cm2, and
ḡLeak = 0.3 mS/cm2. The behaviour of solutions to these equations depends on the value of

Figure 2.9: Steady-state functions (A) and voltage-dependent time constants (B) for the
gating variables m, h, and n in the Hodgkin-Huxley model given by Equations (2.14)–
(2.18). The resting potential is at V = 0 mV and marked by a closed circle on each curve.

Iapp, with an “all-or-none” sort of a response. The applied current must be above a certain
threshold in order for action potential generation. When Iapp is below some threshold,
the membrane potential returns quickly to the resting potential. However, above some
threshold, an action potential is generated. For su�ciently large and su�ciently long
period of applied current, the model generates a period response, as illustrated in Figure
2.10A.

A mathematical explanation of the events underlying an action potential (refer to Figure
2.10B), namely the flow of Na+ and K+ ions, deserves to be noted as follows: When the
applied current is large enough, it causes a large change in the membrane potential which
results in a change in m, h, and n (all nonzero). In particular, m1(V ) and n1(V ) increase
while h1(V ) decreases. This trend is initially followed by m, h, and n as well as they tend
towards their steady-state activation curves. Since ⌧m(V ) << ⌧h(V ), ⌧n(V ) (see Figure
2.9B), m changes more rapidly as compared with the other gating variables (see Figure
2.10B). While V < ENa, the Na+ current is negative (indicating an inward flow) and since
it dominates the dynamics, dV

dt
is positive. This results in a positive feedback such that
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increases in V increase INa leading to a further increase in V . This corresponds to the
upstroke of the action potential, also known as depolarization. Such a response continues
until V increases towards ENa and Na+ channel inactivates with a decrease in h towards
zero. As the driving force (V �ENa) also decreases, the Na+ current turns o↵. Meanwhile,
the K+ channel activates with an increase in n. Since the K+ current dominates, dV

dt

is negative. This results in a return of V to zero, and corresponds to the downstroke
of the action potential, also known as repolarization. Given that n and h relax back to
their resting values more slowly, this causes the membrane potential to decrease beyond
its resting voltage, in a phase known as hyperpolarization. Once the potassium channels
are closed, the cell returns to its resting membrane potential.

Figure 2.10: (A): Responses of the Hodgkin-Huxley model to varying Iapp (in µA/cm2)
given as a pulse input for a duration of 10ms or 80ms (for the longer train of action
potentials). (B): A simulated single action potential together with the time course of each
gating variable, for Iapp = 2.3µA/cm2.

2.3.3 Compartmental modelling of neurons

Multi-compartment models represent the morphology of real neurons by dividing them into
multiple interconnected compartments, each modelled as an electrical circuit, as illustrated
in Figure 2.11 [27]. Neurons are typically depicted as a series of small cylindrical segments,
with each compartment consisting of a parallel resistor and capacitor to simulate mem-
brane properties and maintain a uniform membrane potential. These compartments are
connected to one another via resistors, representing the cytoplasmic resistance between
adjacent segments [97]. In this work, we exclusively use single-compartment models, in
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which each neuron is represented by a single cylindrical segment, as illustrated in the left
panel of Figure 2.11.

Figure 2.11: Comparison of single-compartment and multi-compartment neuron models.
(Left): A single-compartment model represents the neuron as a single cylindrical segment
with a single equivalent electrical circuit. (Right): A multi-compartment model divides the
neuron into multiple connected segments, each modelled with its own circuit components.
Created with BioRender.com.

2.4 Modelling synapses

Synapses can be modelled by focusing on the mechanism of opening of ion channels resulting
in postsynaptic currents (PSCs) without the details such as di↵usion of neurotransmitter
molecules. Excitatory (or inhibitory) PSCs are those that increase (or decrease) the prob-
ability of a postsynaptic action potential. In addition, if the reversal potential for a PSC
is greater than the action potential threshold in the postsynaptic neuron, this results in
an increased probability of an action potential. Synaptic currents can be modelled in a
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manner similar to ionic currents as given by the following equation:

Isyn = ḡsyn · s(t) · (Vm � Esyn) (2.19)

where ḡsyn is the maximal synaptic conductance, s(t) is the synaptic conductance function
and Esyn is the reversal potential of the synapse. The time-dependent conductance s(t)
can be modelled in several ways, with the Destexhe synapse model being one of the most
widely-used models formulated by Alain Destexhe [52].

AMPA/GABAa-mediated synapse modelling

In the formalism by Destexhe, postsynaptic currents mediated by glutamate AMPA and
GABAergic GABAa receptors are modelled using a gating variable s(t) which denotes the
fraction of open synaptic channels at time t. Open synaptic channels refer to postsynaptic
receptors that neurotransmitter molecules bind to, followed by the opening of ion channels
[51, 52]. In this way, the synaptic conductance function is described by:

ds

dt
= ↵[T ](1� s)� �s (2.20)

where [T ] represents the neurotransmitter concentration released into the synaptic cleft
upon the arrival of a presynaptic spike, and ↵ and � are rate constants describing the
binding of neurotransmitter. The relationship between neurotransmitter release, [T ], and
the presynaptic voltage, Vpre, is assumed to take the form given by the following equation:

[T ](Vpre) =
Cmax

1 + exp
⇣

�(Vpre�VT )
Kp

⌘ (2.21)

where Cmax is the maximal concentration of the neurotransmitter in the synaptic cleft, Kp

is the steepness of voltage dependence, and VT is the half-activation voltage. In this work,
we use the values suggested by Destexhe et al.: Cmax = 1 mM, VT = 2 mV, and Kp = 5
mV [51].

Upon the arrival of a presynaptic spike at t = t0, [T ] jumps to a maximal concentration
value Cmax, and at t = Cdur (the duration of neurotransmitter-mediated pulse), [T ] falls
back to 0. After the neurotransmitter-mediated pulse is gone, s(t) decays exponentially.
Then, solving Equation (A.37), we get:

s(t) =

8
><

>:

s1 + (s(t0)� s1)e�
t

⌧s , t0  t < Cdur⇥
s1 + (s(t0)� s1)e�

Cdur

⌧s

⇤
e��(t�Cdur),

t � Cdur

(2.22)
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where

s1 =
↵Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(2.23)

GABAb-mediated synapse modelling

GABAb-mediated synapses active indirectly, following a series of intracellular events [25].
In particular, the neurotransmitter binding event activates an intracellular complex called
a G-protein which activates potassium channels ultimately hyperpolarizing and causing
inhibition of the postsynaptic neuron [25]. In this way, the synaptic conductance function
is described by:

g(t) =
s4

s4 +Kd

(2.24)

dr

dt
= K1[T ](1� r)�K2r (2.25)

ds

dt
= K3r �K4s (2.26)

where r is the fraction of GABAb receptors in the activated form, s is the normalized
G-protein concentration in activated form, Kd is the dissociation constant of G-protein
binding on potassium channels, and [T ] is defined as in Equation (2.21).

2.5 Simulating using NEURON and NetPyNE

NEURON is a simulation environment for modelling morphologically detailed individual
neurons and networks of neurons [30]. While most of the programming is done using the
hoc programming language, Python has also been adopted as an alternative interpreter
more recently. NEURON o↵ers multiple user-selected numerical integration methods with
Implicit Euler being the default method of integration. In this work, we used the CVODE
solver to enable variable time-step integration, providing greater accuracy and e�ciency,
particularly for handling sti↵ equations. NEURON also features a graphical user interface
which includes many tools such as CellBuilder for building and simulating single- and
multi-compartment cells and networks. Building cell models, either with hoc code or using
the GUI involves first specifying the architecture and biophysical properties. Then, point
processes such as a synapse or a stimulating electrode, and distributed mechanisms such as
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active or passive conductances can be attached to cells with locations specified accordingly.
Distributed mechanisms and point processes are user-defined and can be added with the
model description language NMODL, a high-level language implemented for NEURON by
Michael Hines. The process begins with the user writing a text file (a mod file) which
describes the mechanism (e.g., a sodium current) using a set of equations such as nonlinear
algebraic equations, di↵erential equations or a kinetic reaction scheme. The NMODL
translator then constructs C code which proceeds to compute the relevant data such as
total current, reversal potential, and membrane potential. Each mod file has a particular
structure to it with the variable declaration and equation definition blocks being the code’s
core. The variable declaration block specifies names and variables including state variables
in the model. The equation definition block defines model equations (equation to calculate
current, derivative equations, auxiliary functions), initial conditions, as well as specifies the
method of integration. It is also the main computation block of the mechanism. Once the
mechanisms are defined using mod files, they can be inserted into hoc code that describes an
individual neuron model. Multiple copies of the cell can be created by creating a template
of the cell (a tem file), and synaptic connections can be added via a Network Connection
(NetCon) object with appropriate user-defined synaptic properties. In this way, networks
of neurons can be simulated and analyzed according to the purpose of the study.

NetPyNE, short for Networks using Python and NEURON, is a Python package
developed by Dura-Bernal et al. that allows for high-level specification of network con-
nectivity of biological neuronal networks and simulations using the NEURON simulator
[58]. One of NetPyNE’s key features is its ability to perform parameter optimization and
exploration that can be applied on both the single-cell level as well as on the network
level. NetPyNE’s standardized declarative language provides transparent and comprehen-
sive model descriptions which are separate from the underlying technical implementation.
Model specifications are translated into appropriate NEURON components via built-in al-
gorithms. With the use of raw-code descriptions in many existing models, there is a lack
of model standardization which makes understanding, reproducibility and reusability of
models and the simulated results challenging. In fact, several models published in other
languages including NEURON directly are being converted for use with NetPyNE to in-
crease the model’s usability. Building network models begins with defining all the required
parameters such as population size, cell properties (which may use the same mod files as
those used in NEURON, as well as existing cell models written as tem files), connectivity
rules, simulation options including integration step size, duration, and defining variables to
record for analysis. A user may define these inputs pragmatically with NetPyNE’s declar-
ative language or use the NetPyNE GUI. Then, a single function call executes NetPyNE’s
use of NEURON as its back-end simulator. Simulation results can also be exported for use
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with other tools such as MATLAB.

2.6 Thalamocortical circuitry and generation of spin-
dles and spike-wave discharges

The thalamocortical circuit is involved in numerous processes, including cognition, the
sleep-wake cycle, and various neurological disorders [120]. This circuit is considered to
play a critical role in both the generation of physiological sleep spindles as well as the
pathophysiology of absence seizures. Spindles are neural oscillations exhibited in mammals
during non-rapid eye movement sleep, known to vary in frequency and cortical source
across di↵erent brain regions [169]. Typically, spindles are characterized by bursts of 7–10
Hz activity on an electroencephalogram (EEG) in humans, as shown in Figure 1.1A [169].
Some electrophysiological studies suggest that the thalamocortical circuit has the ability
to gradually transform sleep spindles into pathological 2.5–5 Hz spike-wave discharges
(SWDs), one of the hallmark features of childhood absence epilepsy (CAE) [75, 110].

As illustrated in Figure 2.12, the circuit consists of reciprocal pathways connecting
the thalamus and cortex, forming a feedback loop between the two structures [49]. Both
regions contain excitatory and inhibitory neurons that regulate thalamocortical commu-
nication. In this schematic, cortical pyramidal (PY) neurons are not representative of
any specific cortical layer. Within the cortex, PY neurons project to other PY neurons
and also make excitatory connections to the inhibitory cortical interneurons (IN), which
modulate intracortical excitation. Similarly, in the thalamus, thalamocortical (TC) relay
neurons excite inhibitory reticular (RE) neurons, which in turn inhibit both TC and other
RE neurons. Across structures, PY neurons project to both TC and RE neurons, while
TC neurons project to both PY and IN cells. For example, activation of PY neurons leads
to excitation of both TC and RE cells. In turn, TC neurons excite both PY and RE cells,
while RE neurons provide inhibitory feedback to TC cells, forming a negative feedback
loop. The dynamics of these interactions are influenced by the strength of feedback, which
ultimately contributes to the emergence of rhythmic activity [8, 19].

Some theories assume that the electrical activity associated with absence seizures orig-
inates in the thalamus and is triggered by cells in the reticular nucleus [16, 31], while
others emphasize that activity originates in specific regions of the cortex. Classical stud-
ies of genetic model of absence seizures including the Wistar Albino Glaxo from Rijswijk
(WAG/Rij) and the Genetic Absence Epilepsy Rats from Strasbourg (GAERS) rats char-
acterized the key role of localized cortical regions, particularly the peri-oral region and the
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Figure 2.12: The schematic diagram of the thalamocortical circuit shows the connections
between cortical pyramidal neurons (PY), cortical interneurons (IN), thalamic relay neu-
rons (TC) and thalamic reticular neurons (RE). Blue arrows indicate excitatory connec-
tions, while red arrows represent inhibitory connections.

barrel field region of the primary somatosensory cortex respectively, as the originators of
absence seizures [141, 186]. Studies have also shown distinguishable onset and propagation
patterns of spontaneous SWD activity in two di↵erent absence seizure mouse models. In
particular, a pharmacologically induced model (gamma-hydroxybutyric acid, GHB model)
and a transgenic model (phospholipase beta4 knock-out, PLC�4 model) showed a major-
ity of SWDs initiated in the prefrontal cortex and the somatosensory cortex, respectively.
These studies suggest that various initiation sites are observed across di↵erent mouse and
rat models—both genetic and pharmacological—as well as in children with absence seizures.
In this way, it is suggested that these cortical initiation regions can be referred to as the
cortical initiation network (CIN). The complete manifestation of clinical symptoms in these
seizures depends on the interaction between cortical and thalamic networks, both of which
are crucial for the generalization of the seizure [145, 39, 19, 17]. However, in some cases,
spike-wave activity can be generated independently by either the cortex or the thalamus,
suggesting that there are multiple potential underlying causes of these seizures that may
vary across individuals [31, 94]. In fact, the characteristic 2.5–5 Hz spike-wave discharge
seen in CAE can also be highly variable even in the same individual, with variations in
amplitude, duration, and frequency throughout the SWD [39].
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2.7 Neurotransmitters, hormones and absence epilepsy

2.7.1 Neurotransmitter function and absence epilepsy

As discussed in Section 2.6, EEG recordings from humans and animals both indicate the
essential role of the cortex, thalamic relay nucleus, and the reticular nucleus in the de-
velopment of SWDs with none of them being able to sustain these pathophysiological
oscillations on their own. Further pharmacological data has shown that both inhibitory
and excitatory neurotransmissions are crucial in the development and control of absence
seizures [37, 189, 182]. One of the most prevalent factors in the alteration of SWDs is the
function of neurotransmitters, particularly GABAa. GABAa receptor-mediated inhibition
consists of both a phasic and a tonic component. Phasic GABAa inhibition refers to the
interaction of GABA with GABAa receptors at the synapses, while tonic inhibition refers
to the binding of GABA to extrasynaptic GABAa receptors [22]. Since this research will
focus on phasic GABAa inhibition, we present evidence that concerns only this component
and we will henceforth refer to it simply as GABAa inhibition without the explicit mention
of it as being phasic.

The long-standing view of a widespread GABA loss-of-function refers to spike-wave
discharges being a result of reduced GABA function across the thalamocortical network,
and this was often supported by experimental studies in which the entire brain circuit was
influenced. However, this view is challenged by several studies suggesting otherwise [9].
In 1989, Peeters et al. investigated the influence of muscimol (a GABAa receptor ago-
nist) and bicuculline (a GABAa receptor antagonist) on EEG activity in WAG/Rij rats
[163]. Administration of muscimol resulted in a dose-dependent increase in the number
of observed SWDs, while after bicuculline injection, there was a dose-dependent decrease.
A similar result of dose-dependent increase in duration of SWDs has been noted in adult
GAERS, another well-established genetic model of absence epilepsy, following administra-
tion of vigabatrin (antiepileptic medication that increases GABA concentrations) [41].

In fact, there is evidence of the role of GABAa in the pathophysiology of absence
seizures being brain region-specific. In the cortex, a hypofunction of GABAergic neurons
is shown to aggravate SWDs. Intracellular recordings from layer 2/3 and layer 5 cortical
pyramidal neurons from cortical slices of WAG/Rij rats have revealed a decrease in cortical
GABAergic inhibition [42, 123]. On the contrary, in the thalamus, a hyperfunction of the
GABAergic system is known to contribute towards the exacerbation of SWDs [164]. In
1991, Liu et al. studied the e↵ect of injecting vigabatrin (GVG) and muscimol in di↵erent
regions of the thalamus on aggravating SWDs in adult GAERS [119]. It was found that
activation of GABA transmission in the thalamic relay nuclei (TC neurons) after muscimol
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and GVG injections increased SWD duration. In contrast, activation of the reticular nuclei
(RE neurons) following injections of muscimol and GVG suppressed SWDs.

In order to study this in silico, Bouwman et al. used a computational model to simulate
the e↵ect of vigabatrin action by targeting specific regions of the thalamocortical network
[21]. This was conducted by increasing the output of GABAergic neurons projecting to the
following: both cortex and thalamus (PY, TC, and RE cells), only cortex (PY cells), only
thalamus (TC and RE cells), and only thalamic relay nucleus (TC cells). Their results
showed a decrease in total SWD duration following an increased GABA concentration in
the full network, only thalamus, and only cortex. On the contrary, increasing GABAergic
transmission in TC cells only increased the total duration of SWDs. There were no sim-
ulations performed that pertain to increased GABA in RE cells. However, the obtained
results were consistent with clinical and pharmacological observations as noted earlier.

2.7.2 Hormones and absence epilepsy

Adolescence is a critical transitional period during development that features the matura-
tion of reproductive hormones and striking changes in sex hormonal levels associated with
puberty. Given that remission in most cases of CAE occurs during this time, this suggests
an association of gonadal hormones with epilepsy. This association is further supported
by the phenomenon of catamenial seizure exacerbation [197]. This refers to the period-
icity of seizure exacerbation that aligns with the cyclical changes in circulating levels of
ovarian steroid hormones (the menstrual cycle). There is substantial evidence from clinical
studies as well as animal experiments on the e↵ect of sex steroid hormones particularly
progesterone on neuronal excitability, seizures, and epilepsy, including absence epilepsy.

Estrogen and progesterone are major steroid hormones that impact sexual development
during puberty and are associated with reproduction. They can be synthesized locally in
the central and peripheral nervous system or derived from the gonads or adrenal gland.
They are both synthesized from pregnenolone which itself is derived from cholesterol [174,
69]. There are three major forms of estrogen that cause estrogenic activity: estrone,
estradiol, and estriol. Their concentration levels vary as per the endocrine state of the body.
Estrone is the primary form of estrogen after menopause and estriol during pregnancy, while
estradiol is the most potent, prevalent and primary form during reproductive years [44].
The metabolism of progesterone involves the production of allopregnanolone (ALLO), a
neuroactive steroid. Neurosteroids, like allopregnanolone may be synthesized within the
nervous system or accumulate in the brain via systemic circulation after being derived
by the gonads (in females) and by the adrenal glands (in both sexes) [73]. They rapidly

30



modulate neuronal excitability through both genomic and non-genomic mechanisms. There
is substantial evidence from both clinical studies as well as animal experiments on the e↵ect
of progesterone (and allopregnanolone) on human and animal EEG [204].

Administration of progesterone in both humans and animal has been shown to result
in an exacerbation of absence seizures. In human experiments, oral and intramuscular ad-
ministration of progesterone resulted in a consistent and remarkable increase in frequency
of absence seizures a few hours after administration. The frequency of seizures remained
high for several weeks after injections [79]. In animal experiments using female WAG/Rij
rats, a common model for generalized absence epilepsy, fluctuations in increased incidence
of SWDs was correlated with fluctuating peak physiological concentrations of progesterone
during the ovarian cycle [197]. Further data from a pharmacological experiment by Luijte-
laar et al. revealed a causal relationship [197]. A dose-dependent increase in the number
and total duration of SWDs was observed after injection of progesterone with similar results
in male WAG/Rij rats following administration of allopregnanolone [26].

On the contrary, the e↵ect of estrogen on SWDs has been found to be insignificant in the
case of typical absence epilepsy. Administration of synthetic estrogens both intravenously
and orally displayed no e↵ect on absence frequency [79]. Similarly, in WAG/Rij female
rats, the number of SWDs was not di↵erent at the time of peak physiological concentration
of estradiol during the ovarian cycle, from any other time [197]. To check whether this
e↵ect could di↵er with higher concentrations of estradiol than that present physiologically,
Luijtelaar et al. studied the e↵ects of administration of estradiol at large doses. It was
found to have no significant e↵ect on SWDs in WAG/Rij rats [197].

2.7.3 Hormones and their mechanisms of action

Steroid hormones can have an a↵ect on neuronal excitability through both genomic and
nongenomic means. Genomic mechanisms involve steroid hormone binding and forming
complexes within the cell nucleus. This is followed by the binding to a hormone response
element in a target gene which then regulates the expression of that gene resulting in
protein synthesis. This process is slow and generally occurs on a much longer time scale
relative to nongenomic mechanisms. Nongenomic mechanisms include binding to and direct
modulation of neurotransmitter-gated ion channels [207].

Allopregnanolone, a neuroactive steroid, has the ability to modulate neuronal excitabil-
ity through both genomic (i.e., through regulating gene expression) and nongenomic means
(i.e., modifying ion conductance, second messengers, and activating signalling pathways)
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[211]. At the nongenomic level, its e↵ect on GABAa receptors depends on its concentra-
tion. At nanomolar concentrations, ALLO is a positive allosteric modulator of the GABAa
receptor [165, 168, 114]. This means that it binds to a site on the GABAa receptor that
is di↵erent from the site its endogenous agonist such as GABA molecule would bind at.
It then modulates the response of the receptor to a stimulus. Specifically, it increases the
probability of the channel being in the open state and enhances the receptor’s response
to GABA by increasing its e�cacy [24, 127]. At micromolar concentrations, ALLO can
activate GABAa receptors independently of GABA [196, 12]. Its overall e↵ect is to poten-
tiate GABA action particularly by decreasing the rise time and increasing the decay time
of the evoked current, an e↵ect consistently observed across various experimental condi-
tions [127, 162, 187, 185, 121]. Additionally, under some conditions, an increase in current
amplitude is also observed [162, 187, 127].
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Chapter 3

Modelling the e↵ect of
allopregnanolone on the resolution of
spike-wave discharges

This chapter is based on the paper: M Ahmed and SA Campbell. Modelling the e↵ect of allopreg-
nanolone on the resolution of spike-wave discharges. Journal of Computational Neuroscience, 53:115-130
, 2024.
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3.1 Introduction

Childhood absence epilepsy (CAE) is an idiopathic generalized epilepsy disorder which
a↵ects children between the ages of 4-12 years [84]. It is characterized by sudden brief pe-
riods of impaired consciousness occurring several times a day. Unlike some other epilepsy
types, but similar to certain idiopathic forms, CAE is more common in girls than boys
[38]. One of the most confounding features of this disease is its age-dependent expression,
and the ability to spontaneously resolve in adolescence, with remission occurring in about
70% of cases, while in others it can progress into more severe types of epilepsy [38]. There
are several hypothesized mechanisms involved in remission, including antiepileptic drugs,
di↵erences in circuitry arrangements and genetic predisposition or dynamic epigenetic pro-
cesses. However, there remains an inadequate understanding of some of these factors that
can inform early intervention practices.

Clinically, CAE is diagnosed using an electroencephalogram (EEG) where recordings
exhibit bilateral synchronous 2.5–5 Hz spike-wave discharges (SWDs) [84]. The recorded
EEG can thus be used as an indicator for underlying brain activity and neuronal networks
that may be involved in giving rise to such oscillations. Based on many years of accumu-
lating evidence from animal models, the thalamocortical circuit consisting of pyramidal
neurons in the cortex, thalamic relay neurons and thalamic reticular neurons in the thala-
mus is considered to be important in the generation of normal 7–10 Hz sleep spindles, as
well as in the pathophysiology of absence seizures [180]. According to the cortical focus
theory, the cortex is considered as the driving source for the origin of SWDs, with a cortical
focus initiating rhythmic discharges followed by propagation towards generalized activity
through intracortical pathways and the thalamus, thus forming an integrated network [140].

There is a considerable amount of evidence towards a strong contribution to the devel-
opment of SWDs by genes encoding receptors for the inhibitory neurotransmitter GABA,
as well as ion channels including calcium channels, sodium channels, and potassium chan-
nels [156, 35, 122, 109]. Here we focus on the e↵ect of genes encoding T-type calcium
channels and GABAa receptors, which we describe in more detail below.

T-type calcium channels (most prominently Cav3.1, Cav3.2 and Cav3.3) are known to
play a key role in the generation and maintenance of spike-wave discharges as they are
fundamental in thalamic burst firing [34]. Cav3.2 channels encoded by the CACNA1H
gene are mainly expressed in thalamic reticular neurons and in some pyramidal neurons
in the cortex [34]. There is a spectrum of CACNA1H variants linked to CAE which
results in enhanced T-type calcium current and consequently alters the firing of thalamic
neurons to generate SWDs [35]. For instance, the P640L variant of Cav3.2 induces changes
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in the biophysical properties of the channel including altered current (in)activation time
constants, current amplitudes, as well as shifts in voltage dependence on (in)activation
[74].

Pharmacological data has shown that inhibitory and excitatory neurotransmissions are
crucial in the development and control of absence seizures [37, 189]. One of the most preva-
lent factors in the alteration of SWDs is the function of GABA. The intrinsic properties of
GABAa receptors (GABAaRs) may vary depending on di↵erent subunit compositions. Re-
ceptors containing ↵1-3, �1-3 and �2 subunits are more commonly localized in postsynaptic
sites, and receptors predominantly composed of ↵1�2�2 subunits comprise approximately
43-60% of all GABAaRs in the adult brain [201, 209]. Mutations in the GABRG2 gene
which encodes the �2 subunit of the GABAaR is most strongly associated with CAE, while
variants of GABRA1, GABRB2 and GABRB3 genes are weakly implicated as reported
in some studies [209, 70]. For instance, a GABRG2 heterozygous missense variant R82Q
as well as the R43Q mutation were reported to reduce �2 surface expression due to ab-
normal tra�cking resulting in reduced GABAaR currents, reduced surface expression of
GABAaRs in pyramidal neurons in the cortex, as well as reduction in miniature inhibitory
postsynaptic currents in layer 2/3 cortical neurons [125, 40, 130]. Thus, the overall e↵ect of
GABAaR subunit gene mutations is disinhibition causing abnormality in cortical network
function.

Furthermore, given that remission often occurs at adolescence (a time of onset of pu-
berty), the association of sex hormones with CAE is also suspected [197]. Interestingly,
sex hormones have also been implicated in the exacerbation of seizures, as seen in the
phenomenon of catamenial epilepsy. This condition is characterized by the periodic wors-
ening of seizures that aligns with the cyclical changes in circulating levels of ovarian steroid
hormones during the menstrual cycle [66]. The cyclical variation of steroid serum levels
and its positive correlation with seizure frequency suggest a neuroactive role of sex steroid
hormones, with context-dependent e↵ects that may contribute to both remission and ex-
acerbation.

Progesterone is one of the major steroid hormones that impacts sexual development
during puberty. While it is often recognized as a female hormone, its presence and signif-
icance in males are also important [73]. It can be synthesized locally in the central and
peripheral nervous system or derived from the gonads or adrenal gland [174, 69]. The
metabolism of progesterone involves the production of allopregnanolone (ALLO), a neu-
roactive steroid. Neurosteroids such as allopregnanolone, may be synthesized de novo in
the nervous system or accumulate in the brain through the bloodstream after metabolism
of adrenal or gonadal steroids [69]. They rapidly modulate neuronal excitability through
both genomic (i.e., regulation of gene expression) and non-genomic mechanisms (i.e., mod-
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ulation of neurotransmitter-gated ion channels, and activation of signalling cascades) [23].
There is substantial evidence from both clinical studies as well as animal experiments
on the e↵ect of progesterone (and allopregnanolone) on human and animal EEG [204].
Administration of progesterone has been shown to result in an exacerbation of absence
seizures [197, 26]. Allopregnanolone is a positive allosteric modulator of the GABAaR. In
particular, it increases the probability that an agonist will bind to the receptor as well as
the receptor e�cacy [24, 127]. The overall e↵ect is to enhance and prolong the action of
GABA, resulting in enhanced inhibitory connections.

It is certainly understood that childhood absence epilepsy is a multifactorial disorder
which poses many challenges, but also unique opportunities for exploration, when it comes
to computational modelling. The objective of this study was to use a well-established
conductance-based thalamocortical model associated with CAE to explore the role of al-
lopregnanolone in the eventual resolution of absence seizures, as observed in most cases.
Given that our model only considers one sex hormone, which is present in both males and
females, and there are other documented sex di↵erences such as network connectivity struc-
ture, we do not consider our model as a sex-specific model, but rather a generic exploratory
one. Broadly speaking, models can range in complexity and scale, and be categorized as
being biophysical or phenomenological. While phenomenological models simply describe
an empirical relationship and convey the phenomena, biophysical models also capture the
underlying biophysical mechanisms driving the concerned phenomena [86]. Since our study
involves exploring mechanisms occurring at the level of ion channels, it was appropriate for
us to use a detailed conductance-based model formalism similar to that used in previous
studies [49, 46, 194, 106]. In particular, our goal was to gain insight on factors that may
predispose some individuals to experience remission or as we have termed it, ‘resolving
CAE’. This study also explored how the e↵ect of allopregnanolone di↵ers depending on the
genetic factors associated with CAE and the consequent ability of the network to transition
between a healthy state and diseased state through variation of model parameters.

3.2 Materials and methods

Our thalamocortical model is built upon on the previous work by Knox et al. [106] in
which a well-established thalamocortical model by Destexhe [46] was used to study the
contribution of the T-type calcium channel in thalamic reticular neurons combined with
cortical excitability in the pathogenesis and treatment response in CAE.

The model, a 400-cell thalamocortical network, consists of single-compartment neuron
models of four types: cortical pyramidal cells (PY), cortical interneurons (IN), thalamic
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reticular cells (RE) and thalamocortical cells (TC). The membrane potential of each cell
type is described by the following equations:

Cm

dVPY

dt
= �ILeak � INa � IK � IM (3.1)

� IGABAaIN
� IGABAbIN

� IAMPAPY

� IAMPATC

Cm

dVIN

dt
= �ILeak � INa � IK � IAMPAPY

(3.2)

� IAMPATC

Cm

dVTC

dt
= �ILeak � INa � IK � IT � Ih (3.3)

� IKLeak � IGABAaRE
� IGABAbRE

� IAMPAPY

Cm

dVRE

dt
= �ILeak � INa � IK � ITs (3.4)

� IGABAaRE
� IAMPAPY

� IAMPATC

where Vi is the membrane potential for i = PY, IN, TC, RE, Cm = 1µF/cm2 is the
specific capacity of the membrane. All intrinsic currents follow the same formalism as in
Equation (3.5), where ḡion represents the maximal conductance, and m and h represent
the voltage gating of the ion channels. All synaptic currents follow Equation (3.6) with
AMPA/GABAa- and GABAb- mediated synapses being described appropriately by the
synaptic conductance function, s(t), and ḡsyn denotes the maximal conductance. All of the
cell types have Na+ and K+ currents as described in Traub et al. [194]. The IN cells do
not have any additional currents, while the PY cells have one additional slow K+ current,
IM , which contributes to spike frequency adaptation behaviour. Both the thalamic cells
exhibit bursting behaviour due to the presence of a low-threshold Ca2+ current, IT , with
slower kinetics in the RE cells. In addition to this, TC cells also have a hyperpolarization-
activated current, Ih. The kinetics of all the currents are as described in Destexhe et al.
[49], leading to models of the form:

Iion = ḡion ·mNhM · (Vm � Eion) (3.5)

Isyn = ḡsyn · s(t) · (Vm � Esyn) (3.6)

The details of the individual currents, synaptic dynamics as well as model parameters
are described in Section A.1.
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Cortical cells represent layer 6 of the cerebral cortex and have excitatory synapses
formed with ascending thalamic axons, creating an excitatory feedback loop. The network
is made up of 100 cells of each type and each layer of cells is arranged in one dimension as
shown in Figure 3.1 with connectivity and synapses varying between cell types as described.
All excitatory connections in the network are mediated by AMPA receptors, and inhibitory
connections are mediated by either just GABAa or a combination of GABAa and GABAb
receptors. Within the thalamus and the cortex, each neuron has connections with 11
postsynaptic neurons, while between the thalamus and cortex, each presynaptic neuron
has connections with 21 postsynaptic neurons, as illustrated in Figure 3.1. The synaptic
conductance values were chosen to reflect exploration of the parameter space performed in
a previous paper by Destexhe [46], and were meant to be interpreted qualitatively. The
default mode of the model exhibits spontaneous oscillations due to spontaneous discharges
in TC neurons. After allowing the network to reach steady state, a 0.7 nA stimulus was
applied for 100 ms to a group of five pyramidal neurons, triggering additional oscillations.

The local field potential (LFP) was calculated using the formalism by Destexhe [46], in
which cortical pyramidal neurons are arranged in a single line 20 µm apart. The extracel-
lular site is considered to be 50 µm opposite to the center of the line, and the LFP at this
site was calculated from postsynaptic currents of all pyramidal neurons:

Vext =
Re

4⇡

X

i

Isyn
ri

(3.7)

where Vext is the potential at a defined extracellular site, Re = 230⌦cm is the extracellular
resistivity, Isyn is the postsynaptic current, and ri is the distance between the location of
the postsynaptic currents and the extracellular site.

While the original model was implemented in the NEURON simulation environment,
we implemented the model in NetPyNE, a Python package developed by Dura-Bernal et
al. that allows for high-level specification of network connectivity of biological neuronal
networks and simulations using the NEURON simulator [58]. The switch to NetPyNE
allows for better and easier control of accessing certain model components, make changes
as necessary, and better model reproducibility, keeping in mind future directions. All of
the raster plots were created using NetPyNE’s plotRaster function. All of the spectro-
grams were created using the Scipy Python library. The LFP traces were filtered using a
Butterworth filter with a cuto↵ frequency of 15 Hz, and power spectral density analysis
was performed on the filtered LFP traces using Welch’s method.
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Figure 3.1: Schematic representation of the thalamocortical network. Each neuron is
represented by a dot, and each layer consists of 100 cells with synaptic connectivity within
and between layers as shown. Within the cortex and thalamus, each neuron connects to
11 postsynaptic neurons while between the cortex and thalamus, each neuron connects to
21 postsynaptic neurons as shown. Adapted from Destexhe et al. [49].

3.2.1 Modelling the e↵ect of genetic mutations on GABAa and
T-type Ca2+ currents

Several studies have demonstrated the functional consequences of mutations of genes en-
coding GABAa receptor subunits, particularly GABRG2 gene. In the case of mutant
receptors containing the �2(R43Q) subunit, there have been studies using biotinylation of
surface receptors and immunoblotting that have demonstrated reduced surface expression
[99]. Furthermore, electrophysiological recording studies have shown a reduced amplitude
of GABAaR currents in cells containing this particular mutant receptor, consistent with
decreased neuronal feedforward inhibition in the cortical circuitry [15, 40]. The e↵ect of
the GABRG2 mutation was implemented in our model by altering the parameter denoting
the maximum conductance of the GABAa current (ḡmax) in cortical pyramidal neurons, as
illustrated below:

IGABAa = ḡmax · s(t) · (Vm � EGABA) (3.8)

The functional consequences of a spectrum of mutations in the CACNA1H gene which
encodes the Cav3.2 T-type calcium channel include a significant impact on sustained burst
firing in RE neurons and the subsequent propagation of spike wave discharges [28]. In
particular, this includes alteration of current peak amplitude as well as activation and
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inactivation time [200, 28]. While activation time describes the time it takes for an ion
channel to fully open in response to changes in membrane potential, inactivation time
describes the time it takes an ion channel to transition from the open state to a closed state.
In the model, this is representative of the dynamics implemented through the (in)activation
gating variables given by Equations (A.2)-(A.3). A vertical shift in the (in)activation time
refers to adding a constant increase to the (in)activation time constant for all values of the
voltage. As such, following the formalism by Knox et al. [106], we modelled the e↵ect of
CACNA1H mutations by introducing a vertical shift in the inactivation time (⌧0) of the
T-type calcium current for RE neurons in our model:

⌧h =
⌧0 + 1

e
Vm+48

4 +e

�(Vm+407)
50

2.51.2
(3.9)

3.2.2 Modelling the e↵ect of allopregnanolone

The e↵ect of allopregnanolone (ALLO) was implemented on the synapse level only, fo-
cussing on GABAa-receptor mediated synapses, modelled by Equation (3.8). The con-
ductance function dynamics for these synapses are described by the following equations
(details of which can be found in Ermentrout and Terman [61]):

s(t) =

8
><

>:

s1 + (s(t0)� s1)e�
t

⌧s , t0  t < Cdur⇥
s1 + (s(t0)� s1)e�

Cdur

⌧s

⇤
e��(t�Cdur),

t � Cdur

(3.10)

where

s1 =
↵ Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(3.11)

The rise and decay time constants which describe the binding of neurotransmitter
are denoted by ↵ and � respectively, the duration of neurotransmitter-mediated pulse
is given by Cdur, and Cmax refers to the maximal neurotransmitter concentration value.
The e↵ect of ALLO was modelled by making appropriate changes to ↵ and � as well as
Cdur, as highlighted in Equations (3.10)–(3.11). These changes were informed by fitting
our synapse model to available experimental data while relying only on relative changes
between control GABAa receptor activity and activity post application of ALLO [127,
162]. In this regard, given that the range of values for these relative changes is based on
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Figure 3.2: A comparison of simulated GABA current for a single spike using parameters
corresponding to Control and post-ALLO synapses given by Equations (3.10)–(3.11) and
Table 3.1.

experiments conducted under di↵erent conditions, the values are meant to be interpreted
qualitatively. A comparison of simulated GABAa current using Control synapses and post-
ALLO synapses is shown in Figure 3.2 and the parameters of interest for each synapse type
is given in Table 3.1.

↵ ((ms ·mM)�1) � (ms�1) Cdur (ms)

Control 20 0.162 0.3
post-ALLO 22.87 0.095 0.75

Table 3.1: Rise and decay time constants, and neurotransmitter duration for Control and
post-ALLO synapses given by Equations (3.10)–(3.11).

3.3 Results

3.3.1 Baseline healthy and diseased states using control synapses

The first part of this study included modelling and characterizing baseline network be-
haviour that was either a healthy state exhibiting spindle oscillations (7–10 Hz) or a dis-
eased state exhibiting spike-wave discharges (2.5–5 Hz). For our baseline simulations, all
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GABAa synapses were of the Control type, as described in Table 3.1. Network connectivity
was initialized to produce a default mode of spindle oscillations with a peak frequency of
8.5 Hz, as shown in Figure 3.3A and 3.3C. In particular, this corresponded to maximal cor-
tical GABAa conductance at 100% baseline and a shift in inactivation time of the T-type
calcium current in RE neurons at a baseline value of 28.3 ms. The network could then be
transformed to a diseased state using the two mechanisms, namely cortical disinhibition
and Ca2+ conductance alteration, individually as well as together. Due to a large enough
reduction of GABAaR mediated inhibition in the cortex (maximal conductance reduced to
8% of baseline), the network produces a 4.5 Hz SWD pattern as shown in Figure 3.3B and
3.3D. Similarly, an altered inactivation time of the T-type calcium current for RE neurons
together with a reduction in cortical GABAa conductance resulted in the network’s ability
to generate a pattern associated with SWDs, exhibiting a 3.5 Hz peak network frequency
as shown in Figure 3.3E. In this mixed-mechanism approach, the shift in inactivation time
of the T-type calcium current was increased from 28.3 ms to 60 ms, while the cortical
GABAa conductance was reduced to 25% baseline. The individual or combined changes in
inactivation time of the T-type calcium current and cortical GABAa conductance were in-
formed by searching this two-parameter space for regions with low and high relative power
in frequency range associated with SWDs. Accordingly, there appears to be a distinct
region on the heatmap which corresponds to network behaviour that can be classified most
strongly as exhibiting spike-wave discharges, as illustrated in Figure 3.4.

3.3.2 Allopregnanolone has an ameliorating e↵ect on SWDs

The second part of this study involved modelling the e↵ect of allopregnanolone by altering
parameters associated with the GABAa current as described in the Methods section. The
network was initialized to exhibit SWDs using both of the previously described mecha-
nisms. The e↵ect of ALLO was implemented on all GABAa synapses in the model, namely
IN-PY, RE-TC, and RE-RE connections. It was observed that allopregnanolone has an
ameliorating e↵ect on SWDs such that the spiking frequency of the network increases and
transitions from that within the range for SWDs to a range associated with spindle os-
cillations, as shown in Figure 3.5. The e↵ect of ALLO appeared to cause a more drastic
transition in network behaviour from SWDs to spindle oscillations when the underlying
pathophysiology was due only to cortical disinhibition (Figure 3.5A and 3.5B). In the case
of initializing the network using the altered Ca2+ conductance mechanism, the e↵ect of
ALLO was not as e↵ective in the resolution of SWDs (Figure 3.5C and 3.5D). While the
power in both frequency ranges increased with a greater increase in the range associated
with spindle oscillations, the frequency range with maximum power continued to be the
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Figure 3.3: A raster plot of the full network exhibiting spindle oscillations (A) and SWD (B)
behaviour. The network in (B) was simulated using the cortical disinhibition mechanism
only. (C): Network behaviour corresponding to spindle oscillations exhibits maximal power
at a frequency of 8.5 Hz. (D): SWD behaviour using the cortical disinhibition mechanism
results in maximal power at 4.5 Hz. (E): The network displays SWD behaviour using the
altered-Ca2+ conductance mechanism with maximal power at approximately 3.5 Hz. All
of the simulations were performed using Control GABAa-receptor mediated synapses.

one for SWDs.
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Figure 3.4: Heatmap showing relative power in the frequency range corresponding to SWDs
for combinations of cortical GABAa conductance (given as % baseline value) and a vertical
shift in the inactivation time of the T-type Ca2+ current in RE neurons. Label C corre-
sponds to network behaviour as simulated in Figure 3.3C exhibiting spindle oscillations,
Label D corresponds to simulation in Figure 3.3D exhibiting SWDs, and Label E corre-
sponds to simulation in Figure 3.3E exhibiting SWDs using a mixed-mechanism approach
as described in Section 3.3.1. Note: there is a change in scale along the horizontal axis at
a value of 15% baseline maximal GABAa conductance.
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Figure 3.5: Power spectral density for network behaviour simulated using Control synapses
(A and C) and post-ALLO synapses (B and D). (A,B): The network was initialized us-
ing the cortical disinhibition mechanism only (8% baseline cortical GABAa conductance).
(C,D): The network was initialized using the altered Ca2+ conductance and GABAa con-
ductance mechanism (⌧0 = 60 ms and cortical GABAa at 25% of baseline). The shaded
regions represent relative power in either the SWD (2.5–5 Hz; red) or Spindles (7–10 Hz;
green) frequency range. Note that the y-axes di↵er between panels to reflect di↵erences in
maximal power, which result from distinct disease mechanisms.

3.3.3 Exploring the selective action of allopregnanolone

It is known that neurosteroids such as allopregnanolone may be synthesized de novo in
the central nervous system, and that endogenous allopregnanolone levels are brain region
specific [55, 175]. We modelled these region-specific di↵erences by exploring the selective
action of ALLO on synapses between specific neuron types in the cortex and thalamus.
In particular, this was implemented by making changes to parameters pertaining to the
GABAa current (as described in 3.2.2) for the following synapses: (i) IN-PY (cortex only);
(ii) IN-PY and RE-TC; (iii) IN-PY and RE-RE; (iv) RE-TC; (v) RE-RE; (vi) RE-TC and
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RE-RE (thalamus only).

The network behaviour in each simulation was characterized using a measure of the
relative power within either the frequency range associated with SWDs or that associated
with spindle oscillations (Figure 3.6A) as well as the peak frequency of the network (Figure
3.6B). Here we have defined peak network frequency as the frequency with the most power.
The initial SWD state in each simulation was generated using the cortical disinhibition
mechanism only. When implemented on the cortex alone, the action of ALLO makes little
di↵erence to the overall network behaviour in terms of changes in the peak frequency or the
relative power in both frequency ranges. On the thalamus alone, there is a clear transition
from SWDs to spindle oscillations as demonstrated by a raster plot (not shown) as well as
a change in the peak network frequency from 4.5 Hz to 8.0 Hz. Exploring further within
the thalamus, the action of ALLO on the RE-TC synapses alone makes little di↵erence
but paired with altered synapses in the cortex, there appears to be a very small increase in
network frequency. However, the associated pattern of the network is not clearly defined
spindle oscillations. Furthermore, alterations in the RE-RE synapses alone resulted in a
significant change in network behaviour as demonstrated by alternating bursts in the TC
population seen on the raster plot, as well as a change in peak frequency of the network
from 4.5 Hz to 8.0 Hz. When paired with alterations in the cortex, this transition in peak
frequency was further enhanced to 8.5 Hz.

It is to be noted that except for alterations in the IN-PY and RE-TC synapses to-
gether, all of the simulations showed consistency with regards to a relation between the
relative power within a given frequency range and the peak frequency of the network. As
such, more power within the range corresponding to SWDs was correlated with a peak
network frequency within the same range. However, in the case of the e↵ect of ALLO
on IN-PY and RE-TC synapses together, the relative power was greater in the 7–10 Hz
range corresponding to spindles, even though the peak frequency of the network was 5 Hz,
within the range corresponding to SWDs (Figure 3.6C). This was due to a narrower peak
around 5 Hz, therefore contributing towards less power as compared to the 7–10 Hz range.
Overall, these results suggest that the e↵ect of allopregnanolone is most significant in the
thalamus, particularly on the RE-RE synapses which appear to be a critical contributor
to the resolution of spike-wave discharges.

3.4 Discussion

In this study, we modelled the e↵ect of allopregnanolone on a thalamocortical circuit
associated with childhood absence epilepsy. Our network was initialized to a diseased,
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Figure 3.6: Relative power in frequency range corresponding to spindle oscillations and
spike-wave discharges (A) and the peak frequency (B) for network simulations with post-
ALLO synapses between specific neuron types in the cortex and thalamus. For all the
simulations, the diseased state was produced using the cortical disinhibition mechanism
only. (C): Power spectral density for network behaviour after implementing the e↵ect of
ALLO only on IN-PY and RE-TC synapses together.

spike-wave discharge producing state that was informed by the genetic basis of the disease
related particularly to GABAa-mediated inhibition and T-type calcium channel activity.
The available data about the e↵ect of hormones and neurosteroids is at two very di↵erent
scales: the large-scale e↵ect on EEG/seizures, and the small-scale e↵ect on individual
neurons/synapses. Our work is intended to fill in the gap as to how or why the in-vitro
results lead to the observed EEG or network behaviour. The e↵ect of hormones and
neurosteroids on network behaviour has not been modelled previously which makes this
study interesting even outside of the context of CAE.
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Our results suggest that allopregnanolone has an overall ameliorating e↵ect on absence
seizures, pushing a diseased state of the network towards a healthy non-epileptic state
when the disease mechanism was due to cortical disinhibition only. On the contrary, the
action of ALLO appeared to be insu�cient to counteract the aggravating e↵ect of altered
T-type Ca2+ channel activity contributing to sustained SWDs. As a result, our investi-
gation of ALLO and its interaction within the thalamocortical circuit was limited to the
cortical disinhibition mechanism only. Exploring the role of ALLO further on individual
synapses comprising the GABAergic system revealed the selective action of this neuros-
teroid in either sustaining SWDs or resolving them. The importance of the GABAergic
system in the pathophysiology of epileptic seizures has existed for a long time and is no
di↵erent in the case of CAE. Our results are also consistent with the brain region-specific
function of GABA across the thalamocortical network in the context of absence seizures. In
the cortex, a hypofunction of GABAergic neurons is shown to aggravate SWDs [42, 123].
On the contrary, in the thalamus, a hyperfunction of GABA transmission in the thala-
mocortical neurons is observed to increase SWD duration while increased GABA in the
thalamic reticular neurons suppresses SWDs [164, 119]. The prolonged action of GABA as
a consequence of the e↵ect of ALLO in TC neurons resulting in a continued SWD pattern
can be correlated with increased SWD duration, or at least as a lack of positive impact
on SWD behaviour. Similarly, implementing ALLO-a↵ected synapses in RE neurons very
clearly resulted in the suppression of SWD activity in our network. It is interesting to note
this consistency in the results considering that the mechanism by which there is increased
GABA-mediated activity is di↵erent. As such, our approach involves implementing the
e↵ect on the intricacies of the binding process of GABAa receptor function via time con-
stants and neurotransmitter duration which is di↵erent from the classical approach of a
change in channel conductance which is associated with channel blocking or up/down reg-
ulation. This provides a new avenue to explore function of GABAa receptors with regards
to computational modelling in other contexts.

Our modelling results o↵er a potential explanation for apparent discrepancies between
clinical observations and experimental findings regarding the e↵ects of progesterone and its
metabolite allopregnanolone on spike-wave discharges. While clinical and animal studies
have suggested that ALLO may exacerbate SWDs, our results indicate an ameliorating
e↵ect. We believe this is not contradictory, but rather reflects di↵erences in the types of
absence epilepsy models being used. Notably, most existing data are derived from ‘non-
resolving’ absence epilepsy models such as the WAG/Rij or GAERS rodents, which exhibit
persistent seizures throughout life. In contrast, our model is designed to represent a ‘resolv-
ing’ CAE network, which captures the characteristic remission of absence seizures during
adolescence. This distinction suggests that ALLO’s beneficial e↵ect on SWDs may be spe-
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cific to resolving CAE networks. Furthermore, given that CAE is a multifactorial disease,
assessing relative progesterone levels in patients alone may not be a su�cient predictor
of disease progression or remission. It is quite possible that, despite the beneficial e↵ects
of ALLO, other mechanisms might compensate for variations in hormone levels and their
metabolites, potentially preventing remission from occurring. The discrepancy in networks
that exhibit resolution or not prompts us to consider potential underlying sex di↵erences in
CAE. Similar to other idiopathic epilepsy types, CAE is more common in girls, accounting
for approximately 55-80% of cases [105, 87]. Interestingly, while many studies also report
that the majority of individuals who become seizure-free are female, multivariate analyses
in most of these studies find this result to be statistically insignificant. The relative rates
of remission between sexes often need to be inferred from reported data and vary across
studies, ranging from 39-70% in females and 25-47% in males [158, 83, 199]. It is important
to note that, given the information incorporated into the model’s components, our model
is not sex-specific but rather a general, exploratory one. Therefore, since sex hormones are
present in both sexes, the e↵ect of allopregnanolone demonstrated in this work is likely to be
observed in both sexes, albeit to varying degrees. The aim of this study was to understand
this e↵ect in a broad context relative to the disease. However, the predominance of females
in both prevalence and disease remission may be attributed to several sex-based di↵erences
at various levels. Evidence suggests sexual dimorphism in cerebral connectivity patterns,
with females exhibiting increased interhemispheric connectivity and connections within
local brain areas, whereas males show increased intrahemispheric connectivity [171]. Addi-
tionally, sex-based di↵erences in the endocrine system impact astrocyte organization—such
as levels and morphology—as well as the production of neurosteroids, which in turn a↵ect
neurotransmitter systems and neuronal communication [115, 111]. In fact, there are stud-
ies that have shown there exist pre-treatment intrinsic connectivity di↵erences between
patients who ultimately experience remission and those who do not [190]. There is also
evidence of enhanced extrasynaptic GABAa-receptor mediated (tonic) inhibition in tha-
lamocortical neurons in the GAERS model [37]. Interestingly, allopregnanolone is one of
the most potent extrasynaptic receptor modulators [142]. Both of these di↵erences are
not captured in our existing model. This leads us to hypothesize that remission occurring
during adolescence in “most cases” could be associated with the action of allopregnanolone
bringing a beneficial change only to individuals that are predisposed to remission as a result
of intrinsic di↵erences in connectivity or tonic inhibition, which may be further influenced
by sexual dimorphism.

Our future directions include exploring some of this very aspect, as it was one of the
major limitations of the present work. In particular, this would involve adding greater
detail to the cortical component of the model to include di↵erent brain regions, especially
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the frontal and parietal cortices. By modifying the model components to explore variations
in connectivity patterns, we could potentially generate or identify neuronal networks with
sexually dimorphic characteristics. Another limitation of our model is the lack of detail
in our single-cell models and its potential consequences on network-level behaviour. This
can be addressed by using multiple compartments to account for neuron morphology, and
incorporating local environmental e↵ects which include intracellular and extracellular dy-
namics. As is evident in the literature, such detail on the scale of single neurons can also
allow for the emergence of pathological activity similar to that observed in network-level
models, where individual cells themselves exhibit ‘ictogenic’ behaviour [203]. Enhanced
single-cell modelling can also provide new ways to investigate other mechanisms by which
a diseased state can be achieved. This includes investigating mutations in genes encoding
other ion channels such as sodium and potassium channels, as well as those encoding spe-
cific GABAa receptor subunits, and examining how these mechanisms interact with the
e↵ect of ALLO.

3.5 Conclusion

Understanding the role of sex hormones in the resolution of CAE may explain why remission
does not occur in nearly a quarter of cases. Results from such research can therefore lead
to better informed therapeutic decisions relating to early interventions such as hormonal
therapy and/or antiepileptic drug treatment, which can be tailored to intrinsic network con-
nectivity arrangements, perhaps based on functional connectivity analysis of neuroimaging
data of patients. In addition, the use of positron emission tomography (PET) combined
with magnetic resonance imaging (MRI) and radioligands to study the e↵ects of sex steroids
on brain processes may be a powerful approach for tailored interventions. However, this
application of PET/MRI is still underdeveloped in the context of brain research [146]. For
instance, specific PET tracers could potentially be used to visualize the expression and
binding characteristics of di↵erent GABA receptor subtypes, enabling the investigation of
pre-treatment correlations between sex-specific steroids and the GABA neurotransmitter
system [143, 6, 154]. Additionally, chemogenetic and optogenetic approaches may provide
powerful tools for modulating neuronal circuits in a cell-type- and region-specific manner
[102, 118]. When combined with targeted delivery or modulation of steroid hormones,
these techniques could open new avenues for personalized treatment strategies in absence
epilepsy.
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Chapter 4

A minimal thalamocortical model for
investigating regional cortical
heterogeneity and frontocortical
connectivity in childhood absence
epilepsy network dynamics

This chapter is based on the paper: M Ahmed and SA Campbell. 2025. A minimal thalamocortical
model for investigating regional cortical heterogeneity and frontocortical connectivity in childhood absence
epilepsy network dynamics. In preparation.
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4.1 Introduction

Childhood absence epilepsy (CAE) is a common pediatric epilepsy disorder, accounting
for approximately 18% of all childhood epilepsies, with onset typically occurring between
the ages of 4 and 12 years [84]. Characterized by brief episodes of impaired consciousness,
typical absence seizures present with bilateral synchronous 2.5–5 Hz spike-wave discharges
(SWDs) on electroencephalography (EEG) [84]. While antiepileptic drugs are e↵ective
for most patients, with approximately 70% achieving remission, some cases progress to
more severe forms of epilepsy [103]. Interestingly, circumstantial evidence regarding the
prognosis of untreated epilepsy suggests spontaneous remission rates between 31–42%,
although these figures are not specific to childhood-onset epilepsy syndromes [113, 11].
Several factors, including the use of antiepileptic drugs, genetic predisposition, and intrinsic
connectivity di↵erences, are hypothesized to influence remission; however, understanding
of these factors remains limited due to their considerable variability among patients.

The thalamocortical circuit—comprising pyramidal neurons in the cortex, thalamic
relay neurons, and thalamic reticular neurons—plays a critical role in both normal 7–10
Hz sleep spindle generation and pathological SWD activity, as described in Section 2.6
[180]. Evidence indicates that SWDs may originate from slower oscillations within focal
excitable regions, particularly the somatosensory cortex, before being sustained by circuits
in the frontal cortex and thalamus [141, 135]. Notably, children with newly diagnosed CAE
who do not respond to treatment demonstrate increased frontocortical connectivity prior
to treatment initiation, suggesting fundamental di↵erences in network architecture may
influence disease trajectory [190].

Neuronal electrophysiology and intrinsic membrane properties vary significantly based
on neuron morphology, cortical layer, and cortical region. Pyramidal neurons in the cor-
tex typically exhibit either regular spiking (RS) or intrinsically bursting (IB) behaviour.
Intrinsically bursting neurons tend to have thick apical dendrites as compared to those
that are regular spiking, as shown in studies of pyramidal neurons in layers 2/3 and 5
of rat visual cortex [134]. In slices of sensorimotor and frontal cortex from guinea pigs,
regular spiking pyramidals were found in all layers below layer 1, while bursting cells were
located mostly in layers 4/5 and deeper [137]. Additionally, studies in Sprague-Dawley
rats indicate a higher percentage (approximately 73%) of layer 5/6 IB neurons in slices
of prefrontal cortex, compared to layer 5 cells in slices of somatosensory (parietal) cortex
(approximately 50–60%) [32, 210]. These regional di↵erences in neuronal composition may
contribute to the pathophysiological variability observed in CAE.

Given that remission in most cases occurs during adolescence, the association of sex
steroid hormones with CAE is suspected and further supported by the phenomenon of
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catamenial seizure exacerbation [197]. Progesterone and its metabolite allopregnanolone
(ALLO) have been implicated in modulating absence seizure activity [80, 204, 26, 197]. In
our recent work using a conductance-based thalamocortical model, we found that ALLO’s
modulation of GABAa-receptor mediated inhibition had an ameliorating e↵ect on spike-
wave discharges [3]. This finding appears to contradict established clinical evidence but
may reflect limitations in existing experimental models, which do not capture the naturally
remitting course typical of most CAE cases.

The thalamocortical model employed in our previous study featured a well-defined tha-
lamic component based on Destexhe’s work, but was limited by its lack of a comprehensive
cortical representation [49]. The cortical cells in this model incorporated only basic currents
(Na+, K+, and an additional slow-K+ current in pyramidal cells) and lacked region-specific
or laminar organization.

In this study, we develop an enhanced conductance-based thalamocortical model that
retains Destexhe’s thalamic circuitry while significantly improving the cortical component.
Our revised model incorporates a layered cortical structure with specialized neurons from
layers 5 and 6, including region-specific pyramidal cells and deep layer interneurons. These
neurons have been characterized morphologically and by their firing patterns [192]. This
modification creates a more structured and physiologically diverse thalamocortical network
while maintaining computational e�ciency. Using this refined model, we systematically
investigate the functional consequences of varying neuronal composition across cortical
regions on seizure dynamics. Specifically, we examine how di↵erent ratios of intrinsically
bursting to regular spiking neurons in layer 5 a↵ect the generation, propagation, and
maintenance of spike-wave discharges. Furthermore, we explore the impact of enhanced
frontocortical connectivity on these di↵erent cortical configurations. Through this analysis,
we aim to identify distinct network features that might di↵erentiate resolving from non-
resolving CAE networks. This computational approach provides a unique opportunity to
explore factors that may account for di↵erent disease trajectories, addressing a significant
gap in our understanding due to the lack of a remitting animal model for CAE.

4.2 Materials and methods

4.2.1 Model description

Our 475-cell thalamocortical network consists of single-compartment neuron models of
the following types: layer 5 regular spiking (RS), layer 5 intrinsically bursting (IB), layer
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6 non-tufted regular spiking (NRS) pyramidals and a deep low-threshold spiking (LTS)
interneuron in the cortex, and thalamic reticular cells (RE) and thalamocortical cells (TC)
in the thalamus. The membrane potential of each cell type is described by the following
equations:

Cm1
dVRS

dt
= Ihold � ILeak � INaf � INap � IKa � IK2 � IKdr � IKm � IKc � IKahp (4.1)

� ICaT � ICaL � Ih � IGABAaLTS
� IGABAbLTS

� IAMPARS
� IAMPAIB

� IAMPANRS
� IAMPATC

Cm1
dVIB

dt
= Ihold � ILeak � INaf � INap � IKa � IK2 � IKdr � IKm � IKc � IKahp (4.2)

� ICaT � ICaL � Ih � IGABAaLTS
� IGABAbLTS

� IAMPARS
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Cm1
dVNRS

dt
= Ihold � ILeak � INaf � INap � IKa � IK2 � IKdr � IKm � IKc � IKahp (4.3)
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Cm2
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dt
= Ihold � ILeak � INaf � INap � IKa � IK2 � IKdr � IKm � IKc � IKahp (4.4)
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� IAMPANRS
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Cm2
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dt
= �ILeak � IKLeak � INaf � IK � ICaT � Ih

� IGABAaRE
� IGABAbRE

� IAMPANRS
(4.5)

Cm2
dVRE

dt
= �ILeak � INaf � IK � ICaT � IGABAaRE

� IAMPANRS
� IAMPATC

(4.6)

where Vi is the membrane potential for i = RS, IB, NRS, LTS, TC, RE, Cm1 = 0.9 and
Cm2 = 1.0 is the specific membrane capacitance given in µF/cm2. Ihold is the input current
required to hold and maintain the voltage of the neuron (also used in this context for
setting the resting membrane potential). A consistent set of units were maintained such
that voltage is given in mV, ionic currents in mA/cm2, membrane conductance densities
in S/cm2, and time in msec. Note that while input currents are given in nA, they are
converted to a current density by dividing by the cell compartment’s area.

All cortical cells have the same set of ionic currents with di↵erent kinetics in some
instances. These consist of both transient and persistent sodium currents, potassium cur-
rents of the delayed rectifier, transient, slowly inactivating, and Ca2+-dependent types, in
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addition to both low- and high-threshold Ca2+ currents. The models for these cells were
adapted from our previous work [2], which modified single-neuron models from Traub et
al. [192]. The original model by Traub et al. featured multi-compartment neurons in a
large-scale network, successfully replicating various thalamocortical phenomena. In our
work, we simplified these complex neuronal models to single-compartment representations
of the soma while preserving essential dynamics. This reduction required careful recalibra-
tion of membrane conductance densities to maintain physiologically realistic behaviour.
In contrast, the thalamic cells were based on the model by Destexhe et al. [49], which
describes thalamic neurons with fewer currents but still exhibits bursting behaviour due
to the presence of the low-threshold calcium current, with slower kinetics in the RE cells.
All intrinsic currents follow the same formalism, described by the following equation:

Iion = ḡion ·mNhM · (Vm � Eion) (4.7)

where ḡion represents the maximal conductance, and m and h represent the voltage gating
of the ion channels. All synaptic currents are described by the following equation:

Isyn = ḡsyn · s(t) · (Vm � Esyn) (4.8)

where ḡsyn denotes the maximal synaptic conductance, and AMPA/GABAa- and GABAb-
mediated synapses are described appropriately by the synaptic conductance function, s(t)
which denotes the fraction of open synaptic channels at time t. In the formalism by Des-
texhe et al. [51, 52], postsynaptic currents mediated by glutamate AMPA and GABAergic
GABAa receptors are modelled using the following conductance function:

ds

dt
= ↵[T ](1� s)� �s (4.9)

where [T ] represents the neurotransmitter concentration released into the synaptic cleft
upon the arrival of a presynaptic spike, and ↵ and � are forward (binding) and backward
(unbinding) rate constants describing the binding of neurotransmitter, respectively. The
dynamics of GABAb-mediated synapses are described in Section B.1.3.

Upon the arrival of a presynaptic spike at t = t0, [T ] jumps to a maximal concentration
value Cmax, and at t = Cdur (the duration of neurotransmitter-mediated pulse), [T ] falls
back to 0. After the neurotransmitter-mediated pulse is gone, s(t) decays exponentially.
Thus, solving Equation (4.9), we get:

s(t) =

8
><

>:

s1 + (s(0)� s1)e�
t

⌧s , 0  t < Cdur⇥
s1 + (s(0)� s1)e�

Cdur

⌧s

⇤
e��(t�Cdur),

t � Cdur

(4.10)
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where

s1 =
↵Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(4.11)

The details of the individual currents and model parameters are provided in Sections
B.1 and B.2, respectively.

The network consists of the following cell populations: 25 layer 5 RS pyramidals, 75
layer 5 IB pyramidals, 75 layer 6 non-tufted RS pyramidals, 100 deep LTS interneurons,
100 thalamocortical cells, and 100 thalamic reticular cells. At baseline, a higher proportion
of bursting-type pyramidal cells compared to regular-spiking cells in layer 5 was used to
both introduce asymmetry in Layer 5, as well as model the frontal cortex. All cell layers
were of equal size, except for layer 6, which had a reduced population size relative to layer
5 to reflect its typically lower density of pyramidal cells [43]. Each layer of cells is arranged
in one dimension as shown in Figure 4.1 with synaptic connectivity varying between cell
types as described. Cortical input into the thalamus is only from layer 6 of the cortex with
excitatory synapses formed with ascending thalamic axons. All excitatory connections in
the network are mediated by AMPA receptors, and inhibitory connections are mediated
by either GABAa only or a combination of GABAa and GABAb receptors.

Figure 4.1: Schematic representation of the thalamocortical network. Each neuron is
represented by a dot with synaptic connectivity within and between layers as shown. The
number of postsynaptic neurons each neuron connects to varies by layer and is represented
by the highlighted groups as shown.

Due to the unequal number of cells in some layers, the number of presynaptic neurons
each postsynaptic neuron connects to (nPrePost) was layer-dependent, as given in Table
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4.1. In each network layer, presynaptic cells were indexed relative to the indexing of post-
synaptic cells. Within the thalamus and the cortex, each neuron connects to postsynaptic
neurons within a radius of 11 indices, while between the thalamus and cortex, each presy-
naptic neuron connects with neurons within a radius of 21 postsynaptic indices. This cell
count a↵ects the weight of individual synapses which is defined by ḡsyn/nPrePost where
ḡsyn is the maximal synaptic conductance for a particular synapse, as given in Table 4.2.

nPrePost Number of cells nPrePost Number of cells

nRSRS 11 nLTSRS 11
nRSIB 4 nLTSIB 11
nRSNRS 4 nLTSNRS 11
nRSLTS 3 nTCRE 11
nIBIB 11 nTCNRS 21
nIBRS 11 nTCIB 21
nIBNRS 11 nTCRS 21
nIBLTS 9 nTCLTS 21
nNRSNRS 11 nRERE 11
nNRSRS 11 nRETC 11
nNRSIB 11
nNRSLTS 9
nNRSTC 16
nNRSRE 16

Table 4.1: The number of presynaptic neurons that each postsynaptic neuron connects to
(nPrePost) in a network with the following architecture: 25 layer 5 RS cells, 75 layer 5 IB
cells, 75 layer 6 NRS cells, 100 deep layer LTS cells, 100 TC cells, and 100 RE cells. For
example, nRSIB = 4 means that each IB cell receives input from 4 RS cells.

After allowing the network to reach steady state, a 1 nA stimulus was applied for
100 ms to a group of five layer 6 NRS neurons, inducing additional oscillations. Network
behaviour and states were characterized using these triggered oscillations. The model
fitting parameters, given in Tables 4.2–4.4 were selected based on the method described
in Section 4.2.2, and were intended to be interpreted qualitatively. The same set of fitted
parameters was used to model both the default and diseased states. In the default mode,
the network exhibits spontaneous oscillations driven by spontaneous discharges in TC
neurons, while in the diseased mode, the model exhibits synchronized spike-wave discharges
due to alterations in the strength of cortical inhibition.

All models were simulated using NetPyNE and run in parallel on a Dell PowerEdge
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R840 with four 20-core Intel processors and 768 GB of RAM. Each simulation ran for
15 seconds of simulation time, with a typical runtime of approximately 12 minutes and
memory usage of 13 GB.

Post-synaptic neuron type

Pre-synaptic RS IB NRS LTS TC RE
neuron type

RS 0.3 0.7 0.3 0.1 - -
IB 1 0.3 0.05 0.08 - -
NRS 0.1 0.3 2 0.2 0.02 2.4
LTS 0.09 (GABAa) 0.1 (GABAa) 0.75 (GABAa) - - -

0.03 (GABAb) 0.03 (GABAb) 0.03 (GABAb)
TC 1 0.7 1.2 0.4 - 0.2
RE - - - - 0.02 (GABAa) 0.2

0.04 (GABAb)

Table 4.2: Maximal synaptic conductance, ḡsyn parameters (in µS) for each synapse type,
chosen to produce a default network state exhibiting spindle oscillations.

Post-synaptic neuron type

Pre-synaptic RS IB NRS LTS TC RE
neuron type

RS 0.05 0.05 0.1 0.5 - -
IB 0.1 0.1 0.1 0.05 - -
NRS 0.05 0.1 0.05 0.625 0.75 0.8
LTS 0.1 0.05 0.1 - - -
TC 1 1 0.07 0.149 - 0.94
RE - - - - 20 20

Table 4.3: Forward (binding) rate, ↵ parameters (in (ms ·mM)�1) for each synapse type,
chosen to produce a default network state exhibiting spindle oscillations. Note that ↵
values for inhibitory synapses presented here correspond only to GABAa synapses.
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Post-synaptic neuron type

Pre-synaptic RS IB NRS LTS TC RE
neuron type

RS 0.15 0.05 0.01 0.2 - -
IB 0.15 0.05 0.01 0.08 - -
NRS 0.05 0.01 0.03 0.109 0.3 0.09
LTS 0.2 0.7 0.01 - - -
TC 0.15 0.15 0.006 0.048 - 0.18
RE - - - - 0.162 0.162

Table 4.4: Backward (unbinding) rate, � parameters (in ms�1) for each synapse type,
chosen to produce a default network state exhibiting spindle oscillations. Note that �
values for inhibitory synapses presented here correspond only to GABAa synapses.

4.2.2 Model fitting procedure

Defining model target behaviour

The model fitting procedure aimed to produce target behaviour qualitatively similar to
the models upon which we have built this work [46, 192]. To assess model fitness, we
defined specific evaluation metrics that characterize network behaviour in two critical
states: healthy spindles and pathological spike-wave-discharges (SWDs). Our previous
model guided the qualitative and quantitative criteria for both states [3]. For our analy-
sis, we focused on three key populations: layer 5 regular spiking (RS), layer 6 non-tufted
regular spiking (NRS) and thalamocortical (TC) neurons. To qualify for classification,
each population needed to exhibit persistent spiking within an approximately 2-second
post-stimulus window. To achieve a higher temporal resolution, we divided this into two
0.5-second observation windows beginning 1 second after stimulus presentation. Within
each window, individual populations were required to exhibit at least as many spikes as
their population size.

Spindle oscillations in the cortex were characterized by synchronized spiking with a
few doublets in some cells, as illustrated in Figure 4.2. Thalamic activity during spindles
showed more prevalent doublet spiking with alternating bursts of synchrony across the
population, as shown in Figure 4.3. Quantitatively, spindle oscillations were defined by
population synchrony measures greater than or equal to 0.65 for RS and NRS populations
and less than or equal to 0.65 for the TC population. In contrast, the spike-wave discharges
state was characterized by synchronized bursts in both the cortex and thalamus. The
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SWD state was quantitatively defined by synchrony values greater than or equal to 0.65
for RS and NRS populations and greater than or equal to 0.7 for the TC population.
We established these classification criteria through extensive trial simulations with our
previous model [3]. The synchrony measure used here was adapted from [76, 77, 78], and
is explained in greater detail in Section 4.2.3.

Figure 4.2: Characterizing spindle oscillations in the cortex. (Left): Raster plot of cortical
pyramidal (PY) population illustrating across-population synchrony. (Right): Close-up
of individual traces of the first 30 PY cells illustrating single spikes with a few doublets.
These simulations were obtained using our previous model [3].

Choice of fitting parameters

Since the thalamus component was well-defined in [46], we kept it unchanged, including its
synaptic weights and other related parameters. We also kept all parameters correspond-
ing to GABAb synapses unchanged and as defined in [46]. Instead, we focused on fitting
parameters corresponding to AMPA and GABAa synapses within the cortex and between
the cortex and thalamus. This approach yielded the following 21 synapses each requiring
optimization of synaptic parameters: RSRS, RSIB, RSNRS, RSLTS, IBRS, IBIB, IBNRS,
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Figure 4.3: Characterizing spindle oscillations in the thalamus. (Left): Raster plot of TC
population illustrating alternating bursts of synchrony across population. (Right): Close-
up of individual traces of the first 30 TC cells illustrating doublet spiking with some single
spikes. These simulations were obtained using our previous model [3].

IBLTS, NRSRS, NRSIB, NRSNRS, NRSLTS, NRSTC, NRSRE, LTSRSa, LTSIBa, LT-
SNRSa, TCRS, TCIB, TCNRS, and TCLTS. For each synapse, we sought the optimal
set of parameters ḡsyn, ↵, and �—as defined in Equations (4.8)–(4.9)—that would enable
the network to display a default mode of spindle oscillations while maintaining the abil-
ity to transition to a spike-wave discharge (SWD) state under cortical disinhibition. This
constituted a 63-dimensional parameter search space.

Our selection of ḡsyn, ↵, and � as fitting parameters was informed by several earlier
optimization approaches. Initial attempts focused on optimizing only the 21 ḡsyn values
corresponding to each synapse. These e↵orts employed both single- and multi-objective
optimization approaches, including an evolutionary algorithm from Inspyred, Optuna’s
Bayesian optimization, and grid search. The objective and fitness functions were defined
using the criteria outlined in Section 4.2.2. When these approaches failed to converge
on satisfactory solutions, we attempted parameter range modifications and dimensional-
ity reduction strategies. Parameter bound modifications included: i) using the optimal
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synaptic conductance values from [46] and [192] with variations of ±20 to ±60 %, and ii)
for each synapse type, constructing minimal one-to-one neuron pairs (single presynaptic to
single postsynaptic) to determine the minimum strength required to evoke a postsynaptic
spike and the maximum strength for synchronized spiking, then expanding these bounds
by orders of magnitude to widen the search space. Dimensionality reduction approaches
included: i) grouping synapses by cell type or cortical layer with relative weighting between
synapses, and ii) grouping synapses based on presynaptic neuron type.

These approaches achieved the desired population-level spiking patterns in the case
of spindle oscillations, as confirmed by raster plot analysis showing appropriate temporal
firing patterns. However, a persistent issue emerged when examining individual neuronal
behaviour. The action potentials of individual neurons exhibited low-amplitude, distorted
spikes. These distortions likely resulted from incomplete repolarization or persistent depo-
larization, disrupting the normal ionic mechanisms underlying action potential generation.
Consequently, while population-level activity appeared to match target spindle patterns,
we faced two critical issues, as illustrated in Figure B.2: the irregularities in individual neu-
ron firing suggested a breakdown in normal firing dynamics, undermining the physiological
validity of the network activity, and furthermore, none of these solutions demonstrated the
required ability to transition to SWD behaviour.

To address the abnormality in individual neuronal firing, we used a simple two-cell
network to analyze parameters defining the postsynaptic current and shaping the synaptic
strength. Our analysis, included in greater detail in Section B.3, revealed that in addition
to the maximal synaptic conductance (ḡsyn), a careful adjustment of rise (↵) and decay
(�) time constants is required to achieve physiological postsynaptic firing.

Drawing from previous attempts, we restricted our 63-dimensional parameter space by
narrowing ḡsyn, ↵ and � to select values within particular ranges as illustrated in Figure
4.4. This decision was based on analyses of 2-cell networks, similar to those described
earlier. Extensive trial runs helped identify the upper and lower bounds for ↵ and �,
ensuring the preservation of intrinsic spiking features and physiological relevance for each
cell type. For ḡsyn, the synaptic conductances were kept within a range consistent with
the values observed in the thalamic portion of the model. This targeted approach allowed
us to focus on a more constrained region of the parameter space, ensuring key features
influencing neuronal firing and subsequent network behaviour were considered. We then
ran a grid search using these selected values for all 63 parameters in a sequential fitting
approach, as described in detail below.
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Figure 4.4: For each synapse type, select values of ḡsyn, ↵ and � used to perform a grid
search.

Staged parameter fitting process

We built and fit our model in multiple stages, starting with fitting a cortical layer 6-
thalamus circuit first, and then adding cortical layer 5 cells, one population at a time. In
each stage, we implemented a sequential parameter fitting strategy where synapses were
incrementally added to the network, with the parameter triplet (ḡsyn, ↵, �) corresponding
specifically to that synapse optimized through a grid search, to maintain target behaviour
before introducing the next synaptic connection. In particular, with optimized parameters
after each additional synapse, the objective was to see a default mode of spindle oscillations
with a transition to spike-wave discharges due to cortical disinhibition.

In the first stage, we adapted the thalamocortical circuit from [46], replacing the corti-
cal components with our layer 6 non-tufted regular spiking (NRS) neurons and deep low-
threshold spiking (LTS) interneurons while preserving the original thalamic component.
This sequential optimization process involved introducing synaptic connections in the fol-
lowing order: TCNRS, TCLTS, NRSLTS, NRSRE, NRSNRS, LTSNRSa, and NRSTC.
For each connection, its corresponding parameter triplet was calibrated, and previously
optimized parameters were adjusted as needed to reproduce oscillatory behaviour similar
to that observed in the Destexhe model with a comparable architecture. At this stage,
the model successfully reproduced the functional characteristics of the Destexhe model,
while incorporating our adapted cell types in the cortical component. Next, we added the
layer 5 intrinsically bursting cell population, which was chosen arbitrarily between the two
types of layer 5 cells. We then repeated the sequential optimization process, adding synap-
tic connections in the following order: TCIB, IBNRS, LTSIBa, NRSIB, IBLTS, and IBIB.
Following this, the layer 5 regular spiking cell population was added, along with the remain-
ing synaptic connections in the following order: TCRS, RSNRS, LTSRSa, NRSRS, RSLTS,
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IBRS, RSIB, and RSRS. Throughout the process, we periodically tested the model under
two conditions: total cortical inhibition and total disinhibition. This was done to ensure
that the optimization was producing the desired target behaviours under both conditions.
The validity of the model’s output and fit was assessed using an automated procedure that
applied predefined network frequency, firing behaviour and synchrony criteria, as described
earlier. Additionally, we performed manual checks to examine individual neuronal firing
to ensure its physiological relevance.

At each step and for each synapse, multiple parameter triplets (i.e. (ḡsyn, ↵, �)) yielded
good fits, as shown in Panel A of Figure 4.5 and Figures B.3–B.6 in Section B.4. To test
our model’s robustness, we explored parameter “clouds” within 30–200% variation around
each nominal parameter triplet, shown in Panel B of Figure 4.5 and Figures B.3–B.6. The
variation range depended on the synapse type and was informed by qualitative insights
from the sequential fitting process. In particular, we tested relatively smaller neighbour-
hoods around nominal parameter triplets for synapses that strongly influenced network
behaviour. During this process, the order in which synapses were perturbed followed the
sequence in which they were added to the network. Within these parameter “clouds”,
multiple triplets produced outputs meeting our filtering criteria, indicating local robust-
ness and parameter degeneracy—where di↵erent parameter combinations can yield similar
functional outcomes. However, outside of these “clouds” and arbitrary combinations of
“good fit triplets” from di↵erent synapses, the model failed to maintain target perfor-
mance. This suggests both bounded robustness as well as global sensitivity and complex
parameter interactions within our model. This behaviour likely stems from our sequen-
tial fitting approach, which introduces parameter dependencies, since each new parameter
triplet is optimized in the context of previously fixed values. Consequently, each parameter
triplet may be locally optimal given specific values of previous synapses, but unable to gen-
eralize well to arbitrary combinations of triplets. Notably, our model exhibits a common
characteristic of neural systems in which relative relationships between parameters across
synapses outweigh the importance of individual “good” parameter values.

The sequential parameter fitting approach is a reasonable method for making the pro-
cess computationally tractable, particularly considering the high dimensionality of our
parameter space. By constraining exploration, it provides a structured way to navigate
this otherwise overwhelming space. Additionally, this approach improves interpretability,
allowing for the analysis of how each synapse contributes to the overall system behaviour
and providing more mechanistic insights. It also aligns with biological plausibility, as neural
systems often develop sequentially, with new connections forming in the context of existing
ones [129, 101]. Despite its advantages, our sequential approach has its limitations. One
key challenge is path dependency, where the fitted model depends on the order in which
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synapses are added, potentially missing more optimal configurations. This also results in
a highly interdependent parameter set, making independent adjustments di�cult. While
the approach, when combined with a constrained grid search method, does not exhaus-
tively explore all possible parameter combinations, it remains e↵ective in identifying viable
parameter regions and providing insights into the underlying structure of the parameter
landscape.

Figure 4.5: (A): For each synapse type, multiple parameter triplets (ḡsyn, ↵, �) yielded
good fits (solid blue points). Points with gray outlines represent the sampled parameter
space, with solid red points indicating our selected parameter triplets. (B): Testing model
sensitivity to deviations from the nominal values (solid red points) by up to 75% (RSRS
and RSIB), 90% (RSNRS), and 65% (RSLTS) in each parameter dimension. Transparent
points with blue outlines represent good fits as in panel A, and in black outlines, the
parameter cloud tested for sensitivity. Solid green points indicate parameter sets that
maintained good network performance despite these deviations.
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4.2.3 Tools for analysis

The model was implemented in NetPyNE, a Python package developed by Dura-Bernal et
al. that allows for high-level specification of network connectivity of biological neuronal
networks and simulations using the NEURON simulator [58]. Feature extraction from
voltage trace data was performed using the eFEL Python package. In particular, the
spike count function with a default threshold spike detection value of -20 mV was used to
calculate the number of spikes across the time interval of interest.

Local field potential and spectral density analysis

The local field potential (LFP) was calculated using a point current source model in which
current sources are treated as if they originate from a single point. Due to memory limi-
tations, only a subset of the Layer 5 RS and IB populations was recorded from and used
in the LFP calculation. For each population, neurons are arranged in a single line 20 µm
apart. The extracellular recording site is considered to be 50 µm opposite to the center
of the line, and the LFP at this site was calculated from post-synaptic currents using the
following equation:

Vext =
Re

4⇡

X

i

Isyn
ri

(4.12)

where Vext is the potential at a defined extracellular site, Re = 230⌦cm is the extracellular
resistivity, Isyn is the post-synaptic current, and ri is the distance between the location of
the postsynaptic currents and the extracellular site. The LFP traces were first detrended
using the Scipy Python library to eliminate very low-frequency components that could
contaminate the power spectrum and cause spectral leakage. The traces were then filtered
using a Butterworth bandpass filter, with cuto↵ frequencies set at 1 Hz and 15 Hz. Power
spectral density (PSD) analysis was performed on the filtered LFP traces using Welch’s
method with a sampling frequency (fs) of 10kHz. A Hann window was applied to segments
of 20000 samples, with 1000 samples of overlap between consecutive segments.

Synchrony measure

The measure of synchrony used here was based on previous work on synchronization prop-
erties of neurons in the reticular thalamic nucleus (RE), which uses a population-averaged
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voltage as a proxy for the local field potential of many RE neurons [76, 77, 78]. The mea-
sure of synchrony defined here uses instead a pairwise-averaged voltage Vi,j(t) given by the
following equation:

Vi,j(t) =
1

2

h
Vi(t) + Vj(t)

i
(4.13)

where Vi(t) and Vj(t) are the voltages of individual neurons i and j. The reason for this
modification is to prevent undesirable averaging e↵ects that are far more sensitive to small
di↵erences in synchrony between any two cells, as discussed in greater detail in Section
B.5.

The variance of the pairwise-averaged voltage is given by �i,j while the variance of an
individual neuron’s voltage is given by �k, each of which are defined as:

�i,j = hVi,j(t)
2i � hVi,j(t)i2 (4.14)

�k = hVk(t)
2i � hVk(t)i2 (4.15)

where h·i indicates a time average over a particular interval of time.

A pairwise measure of synchrony between neuron i and neuron j given by Si,j was
defined as the ratio of the pairwise-averaged voltage variance and the variance in the
individual neuron’s voltage according to

Si,j =
�i,j

1
2

⇣
�i + �j

⌘ (4.16)

Moreover, the average pairwise synchrony measure described as the synchrony measure
between neuron i and all other neurons in the population, Si was defined as:

Si =
1

N

N�1X

j=0

Si,j (4.17)

where N is the number of neurons in the population.

Altogether, a measure of synchrony for the population, Spop was defined as:

Spop =
1

N

N�1X

i=0

Si (4.18)
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4.2.4 Modelling the e↵ect of genetic mutations on GABAa cur-
rent

Consistent with our previous work, the GABRG2 gene mutation (�2(R43Q)) described
in Section 3.2.1, was modelled exclusively in cortical pyramidal neurons in both layers.
The mutation e↵ect was implemented by altering the parameter denoting the maximum
conductance of the GABAa current (ḡmax), as illustrated below:

IGABAa = ḡmax · s(t) · (Vm � EGABA) (4.19)

4.2.5 Modelling the e↵ect of allopregnanolone

The e↵ect of allopregnanolone was modelled in a manner similar to that described in Section
3.2.2, by adjusting the ḡmax, ↵, � and Cdur parameters, as highlighted in Equations (4.19)–
(4.21), with the additional consideration of the ḡmax parameter, which was not included in
our previous work.

s(t) =

8
><

>:

s1 + (s(0)� s1)e�
t

⌧s , 0  t < Cdur⇥
s1 + (s(0)� s1)e�

Cdur

⌧s

⇤
e��(t�Cdur),

t � Cdur

(4.20)

where

s1 =
↵ Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(4.21)

These changes were informed by fitting our synapse model to experimental data, using
the relative di↵erences between control GABAa receptor activity and activity after ALLO
application. The results of this fitting process are summarized in Figure 4.6, while details
of the curve fits can be found in Section B.6. As a modification of our previous work, we
incorporate more physiologically relevant data, particularly in comparison to other exper-
iments using central nervous system (CNS) neurons. It is important to note that these
experiments vary considerably in their methodologies, including di↵erences in species of
CNS neurons and varying concentrations of both GABA (0.005 to 0.1 mM) and allopreg-
nanolone (30 to 1000 nM). While the physiological concentration of GABA released into
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the synaptic cleft ranges from 1 to 10 mM, the experimental data used to model the ef-
fects of allopregnanolone are based on GABA concentrations that are at least an order of
magnitude lower [22, 157, 195, 149]. Similarly, physiological allopregnanolone levels in rat
cortex typically range from 1 to 20 nM, yet experimental protocols generally apply concen-
trations that are one to two orders of magnitude higher [165, 100]. The lack of significant
di↵erences in response amplitude (i.e., relative change in ḡmax) following the application
of ALLO in studies using low mM concentrations of GABA could perhaps be explained
by these variations. Given these discrepancies, our modelling of these e↵ects should be
interpreted qualitatively, with some of our data being more physiologically relevant than
others, as illustrated in Figure 4.7.

While the Cdur parameter corresponding to Control synapses for each GABAa-receptor
mediated synapse was set to 0.3 ms, the values of ḡmax, ↵, and � corresponding to Control
synapses are presented in Tables 4.2–4.4. For post-ALLO synapses, each parameter was
modified based on relative changes between control GABAa receptor activity and activity
following the application of ALLO, as follows:

↵post�ALLO = 1.58⇥ ↵Control (4.22)

�post�ALLO = 0.74⇥ �Control (4.23)

ḡmaxpost�ALLO
= 1.11⇥ ḡmaxControl

(4.24)

Cdurpost�ALLO
= 1.14⇥ CdurControl

(4.25)

4.2.6 Modelling regional neuronal heterogeneity and enhanced
frontocortical connectivity

To model the regional di↵erences in neuronal heterogeneity observed experimentally, as
discussed in Section 4.1, we developed two distinct model configurations. Given that layer
5 intrinsically bursting (IB) neurons are more abundant in the frontal cortex and regular
spiking (RS) neurons in the parietal cortex [137, 32, 210], we modelled the frontal cortex
using IB neurons while the parietal cortex was modelled using RS neurons. Accordingly, we
varied their proportions in each model such that the 95-5 (nIB:nRS) configuration is rep-
resentative of a cortex with a greater frontal cortex contribution, while the 5-95 (nIB:nRS)
configuration reflects a cortical component with a greater parietal cortex contribution.
Given the di↵erences in model architecture, the number of presynaptic neurons each post-
synaptic neuron connects to (nPrePost) di↵ers between the two model configurations, as
presented in Tables B.3–B.4.
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Figure 4.6: A comparison of the relative changes in ḡmax, ↵, � and Tdur between control
GABAa receptor activity and activity post-application of ALLO based on fitting the solu-
tion of equation (4.19)–(4.21) to data from di↵erent studies. Note that the multiple bars
for (Sullivan and Moenter, 2003) represent di↵erent amounts of ALLO application used
in the same study, in order of increasing concentration. The experimental parameters we
used to model the e↵ect of ALLO is highlighted in dark red.

Additionally, for each model configuration, we modelled enhanced connectivity in the
frontal cortex by modifying the strength of the following synapses, as illustrated in Figure
4.8: IBIB, IBNRS, and NRSIB. Specifically, we modified the maximal synaptic conduc-
tances as follows: ḡIBIB was increased by a factor 7, ḡIBNRS by a factor of 5, and ḡNRSIB

by a factor of 3. A detailed description of the method used to determine these parameter
adjustments is provided in Section 4.3.3.
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Figure 4.7: A comparison of GABA concentrations versus allopregnanolone concentra-
tions used across di↵erent studies, illustrating their physiological relevance. Points in the
upper-left corner represent more physiologically relevant conditions (higher GABA, lower
allopregnanolone concentrations). The experimental parameters from the study highlighted
in red were used as the basis for modelling the e↵ect of ALLO.

4.3 Results

4.3.1 Baseline state characterization and allopregnanolone ef-
fects on the fitted model

The goal of our model fitting was to replicate behaviour that is qualitatively consistent
with that of prior established models. Specifically, the model needed to exhibit two crit-
ical baseline states: a healthy state characterized by spindle oscillations with a network
frequency of 7–10 Hz, and a diseased state marked by spike-wave discharges (SWD) with a
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Figure 4.8: A schematic diagram of the thalamocortical circuit shows connections between
cortical neurons of the RS, IB, NRS, and LTS type, and thalamic neurons (TC and RE).
Blue arrows indicate excitatory synaptic connections, while red arrows represent inhibitory
ones. Enhanced frontocortical connectivity is illustrated with thicker green arrows, which
also represent excitatory synapses.

network frequency of 2.5–5 Hz. The 75-25 (nIB:nRS) model was simulated using GABAa
synapses that were all of the Control type, as described in Table 4.2. At 100% baseline cor-
tical GABAa conductance, the network produces spindle oscillations with a peak network
frequency of 7 Hz, as shown in Figures 4.9A and C. In this healthy state, cell populations
exhibit organized, alternating bursting patterns—particularly within the TC population—
with moderately synchronous activity across other populations, as shown in Figure 4.9B.
This activity is reflected in the LFP trace as a low-amplitude rhythmic oscillation. The
network could be transformed to a diseased state by means of cortical disinhibition. By
reducing GABAa-receptor mediated inhibition in the cortex to 10% baseline conductance,
the network produces a dominant 5 Hz SWD pattern as shown in Figures 4.9D and F. In
this diseased state, neural firing becomes more synchronous across all populations, with
distinctive spike-wave complexes visible in the LFP, as shown in Figure 4.9E. The reduction
in cortical GABAa conductance was determined by examining how changes in conductance
influence network frequency and the relative power in the SWD frequency range, as shown
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in Figure 4.10.

Next, we modelled the e↵ect of allopregnanolone (ALLO) by altering parameters asso-
ciated with the GABAa current described in Section 4.2.5. The network was initialized to
exhibit SWDs, as in Figures 4.9D–F, with cortical GABAa conductance reduced to 10%
of baseline. The e↵ect of ALLO was implemented uniformly across all GABAa synapses
in the model. Our results show that allopregnanolone e↵ectively suppresses pathological
SWDs by altering the temporal firing patterns of neural populations throughout the tha-
lamocortical circuit. As shown in Figure 4.11, there is a shift in the dominant network
frequency to 7 Hz, which falls within the frequency band associated with normal spin-
dle oscillations. This transition is also characterized by alternating bursts of synchrony
across populations which is reflected in the low-amplitude filtered LFP trace. The shift
from pathological to physiological dynamics is consistent with our previous findings and
supports the therapeutic potential of positive GABAa modulators in absence epilepsy.

4.3.2 Regional neuronal heterogeneity in the cortex does not al-
ter ALLO-mediated network dynamics

Using the previously described frontal cortex composition (95-5 nIB:nRS) and parietal
cortex composition (5-95 nIB:nRS) in Section 4.2.6, we next examined whether regional
neuronal heterogeneity a↵ects the network’s propensity to generate the two critical network
states of interest—healthy spindles and pathological SWDs. Additionally, we investigated
whether the e↵ect of ALLO di↵ers across networks with di↵erent cortical compositions,
and importantly, whether one network composition is more prone to non-resolution than
the other.

We first investigated the excitability profiles of both network configurations by examin-
ing network frequency responses to varying levels of GABAa-receptor mediated inhibition
in the cortex, as shown in Figure 4.12. Both models display a transition from SWD to
spindle activity as cortical inhibition increases. However, the thresholds at which this tran-
sition occurs di↵ers slightly between the two, with the 95-5 (nIB:nRS) model exhibiting
more intermediate oscillatory states compared to the 5-95 (nIB:nRS) model. The lat-
ter surprisingly maintains SWD activity across a broader inhibition range and requires
stronger inhibition to shift to spindle-generating states. To further explore the influence of
cortical composition, we simulated both networks under the same conditions as in Section
4.3.1— 100% and 10% baseline cortical GABAa conductance—to compare their abilities
to sustain either physiological spindles or pathological SWDs, and to determine whether
baseline dynamics di↵er across the two models. As shown in Figure 4.13, both network
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configurations exhibit qualitatively similar spectral characteristics, across the default mode
and under cortical disinhibition. The spectral power distributions show similar frequency
bands of activity (both exhibiting peak network frequencies of 7.5 Hz and 5 Hz under each
condition), with only subtle di↵erences in power distribution, likely due to variations in
oscillatory patterns, as reflected in the LFP traces. This is also characterized by prominent
power spectral density peaks within the 7–10 Hz (Figures 4.14A1 and C1) and 2.5–5 Hz
ranges (Figures 4.14A2 and C2). At 100% baseline cortical GABAa conductance, both
models exhibit 7.5 Hz peak network frequencies with similar relative power in the spindles
frequency range (Figure 4.14B1). Similarly, at 10% baseline conductance, both models
exhibit network frequencies peaking at 5 Hz with similar relative power in the SWDs fre-
quency range (Figure 4.14B2). These results suggest that despite substantial variation in
cortical neuronal composition between models, the fundamental network dynamics remain
conserved. This suggests that our fitted model (75-25 nIB:nRS configuration) is robust to
changes in network architecture in producing baseline network states.

Following the approach in Section 4.2.5, we modelled the e↵ect of ALLO in all GABAa
synapses, in each model configuration by first initializing to the diseased state. After
implementing post-ALLO synapses in each compromised network, we observe a restorative
e↵ect, with each network transitioning back to spindle oscillations similar to the control
state, as shown in Figures 4.14A3 and C3. This transition is characterized by peak network
frequencies of 7 Hz and 7.5 Hz for the 5-95 and 95-5 (nIB:nRS) models respectively, with
comparable relative power in the spindles frequency range (Figure 4.14B3).

While the di↵erences between the two model configurations is small, there is a more
obvious di↵erence between the control network states with cortical GABAa at 100% and
network states under the e↵ect of ALLO. Specifically, the relative power in the spindle
frequency range is higher in the control condition as compared to the post-ALLO state
(Figures 4.14B1 and B3). This is mainly due to the more sharply defined spectral density
peak curves in the control condition, resulting in greater area under the curve within the
spindle frequency range. In the post-ALLO state, the spectral profiles appear more spread
out, resulting in relatively less concentrated power contribution falling within the spindles
frequency range, despite restoring the dominant network frequency. Overall, these results
suggest that, despite di↵erences in the composition of cortical cell types (with one network
having a higher proportion of IB cells), both networks respond similarly to cortical GABAa
modulation and the e↵ect of allopregnanolone, with neither showing significantly greater
vulnerability to the non-resolution of spike-wave discharges.
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4.3.3 Enhanced frontocortical connectivity alters SWD resolu-
tion based on network architecture

In this part of the study, we focused on modelling the connectivity di↵erences observed in
treatment non-responders prior to treatment in newly diagnosed CAE patients, particularly
the increased connectivity in the frontal cortex. By simulating a 50-50 (nIB:nRS) model
configuration, we aimed to investigate how, in a network with a balanced composition
of cortical cell types in layer 5, increased frontocortical connectivity might influence the
modulation of SWDs—particularly in the non-resolution of SWDs (i.e., a lack of e↵ect
from ALLO on SWDs). Specifically, we modelled enhanced frontal cortical connectivity by
modifying the following synaptic conductance parameters with a multiplicative factor to
increase synaptic strength: (i) ḡIBIB ·FIBIB; (ii) ḡIBNRS ·FIBNRS; (iii) ḡNRSIB ·FNRSIB. The
factors used and the rationale for their selection are detailed in Figure 4.16. Additionally,
we explored how these enhanced synapses a↵ect the other two model configurations (5-
95 and 95-5 (nIB:nRS)) to assess whether, in addition to connectivity di↵erences, the
composition of cell types within the network influences its responsiveness to the e↵ects of
allopregnanolone.

Building on the approach in Section 4.3.1, we simulated the 50-50 (nIB:nRS) model with
enhanced synaptic strengths, using (FIBIB, FIBNRS, FNRSIB) = (7, 5, 3). We performed the
simulation under the two conditions of cortical inhibition (100% and 10% baseline conduc-
tance) to investigate the impact of these changes on network activity. As shown in Figure
4.15, we observed distinct changes in spectral power across di↵erent frequencies, depending
on the level of cortical inhibition and the presence of allopregnanolone. Specifically, under
full cortical inhibition, the network exhibits a maximal power at 5.5 Hz (Figure 4.15A),
marking the first instance where the peak network frequency did not coincide with the
frequency exhibiting the highest power. However, the relative power within the spindles
range (0.282 V2) was greater than that within the range associated with SWDs (0.195
V2). When partial disinhibition was applied, the network shifted its maximal power to 4
Hz (Figure 4.15B). After introducing post-ALLO synapses, the network showed a lack of
a restorative e↵ect from ALLO, with the maximal frequency dropping to 2.5 Hz (Figure
4.15C). The continued SWD-like behaviour is further reflected in the LFP traces of net-
work activity post-ALLO application, especially when compared to network activity under
cortical disinhibition, as shown in Figures 4.15B, C (in blue).

Next, we examined the impact of enhanced synaptic activity, with (FIBIB, FIBNRS,
FNRSIB) = (7, 5, 3), on the other two model configurations, 5-95 and 95-5 (nIB:nRS).
As illustrated in Figure 4.17A1, B1, C1, both models showed similar network frequencies
(6.5 Hz for 5-95 and 7 Hz for 95-5 (nIB:nRS)) and spindle-range relative power (0.339 V2
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and 0.376 V2, respectively) under the condition of 100% baseline cortical GABAa con-
ductance. Reducing cortical GABAa conductance to 10% resulted in comparable network
behaviour across models, with peak power at 4 Hz and 3 Hz, respectively, as shown in Fig-
ures 4.17A2, B2, C2. Both of these findings align with results in Section 4.3.2, particularly
the shift from spindle oscillations to SWDs under reduced cortical inhibition. Notably, the
95-5 (nIB:nRS) model consistently exhibited higher relative power across both frequency
ranges, regardless of frontocortical connectivity alterations, as illustrated in Figures 4.18A,
C. Without enhanced synaptic activity, network frequencies were identical between models
and changed similarly across levels of cortical inhibition, as shown in Figures 4.18B, D (or-
ange bars). However, when frontocortical connectivity was enhanced, the 95-5 (nIB:nRS)
model demonstrated higher frequency under full inhibition and a lower frequency under
partial disinhibition, as illustrated in Figures 4.18B, D (purple bars).

Introducing post-ALLO synapses in networks initialized to a pathological state, how-
ever, leads to interesting di↵erences between the models. Surprisingly, the e↵ect of ALLO
on the 5-95 model mirrors the results from Section 4.3.2, where allopregnanolone exerts
a restorative e↵ect, shifting the network’s maximal power into the spindles range with a
peak network frequency of 7.5 Hz, as shown in Figure 4.17A3. This shift occurs despite
there being enhanced frontal cortical connectivity. In contrast, the e↵ect of ALLO on the
95-5 (nIB:nRS) model resembles that seen in the 50-50 (nIB:nRS) model, with maximal
power in the SWD-associated frequency range and a peak network frequency of 4.5 Hz.

4.4 Discussion

In this study, we developed a simplified thalamocortical model with layered cortical struc-
ture to investigate how di↵erences in frontocortical connectivity might contribute to non-
remitting seizures in childhood absence epilepsy (CAE). By modelling cortical region speci-
ficity through di↵erent neuron firing types in layer 5—specifically intrinsically bursting (IB)
neurons representing the frontal cortex and regular spiking (RS) neurons representing the
parietal cortex—we examined two di↵erent cortical compositions: a 5-95 (nIB:nRS) model
and a 95-5 (nIB:nRS) model, reflecting circuits with varying contributions from the parietal
and frontal regions, respectively.

Our results demonstrate that both physiological and pathological oscillations are main-
tained by the thalamocortical circuit regardless of which model configuration is used (5-95
or 95-5 (nIB:nRS) model). Under di↵erent conditions of cortical inhibition, both models
exhibited similar network behaviour, promoting spindles and spike-wave discharge (SWD)
activity. This finding aligns with the classification of absence seizures as a generalized
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epilepsy type, where activity that may originate in one region, such as the parietal cor-
tex, can recruit other cortical areas to sustain seizure activity [141, 167]. Similarly, sleep
spindles are known to vary in frequency and cortical source across di↵erent brain regions
[169]. The most striking finding from our study came when we introduced allopregnanolone
(ALLO) under conditions of increased frontocortical connectivity. ALLO, a neurosteroid
that potentiates GABAa-receptor function, gradually increases during puberty [63], a pe-
riod that coincides with the remission of CAE in many cases [197]. In our simulations,
both models showed a restorative e↵ect of ALLO, helping them recover from the SWD
state at baseline connectivity. However, only the 5-95 (nIB:nRS) model was able to re-
cover when frontocortical connectivity was enhanced. This di↵erential response to ALLO
is particularly notable, considering that both models initially display similar behaviour
under physiological and pathological states. This suggests that individuals with di↵erent
neuronal composition profiles may follow distinct clinical trajectories despite similar ini-
tial presentations. Specifically, our results suggest that patients with connectivity profiles
resembling the 5-95 network (i.e., parietal-dominant configuration) may experience remis-
sion following hormonal changes involving allopregnanolone, whereas those with profiles
resembling the 95-5 network (i.e., frontal-dominant configuration) may be predisposed to
non-remission. While direct identification of neuronal composition profiles in patients is
currently not feasible, these findings raise the possibility that clinically accessible markers—
such as dominant seizure onset regions from EEG or specific patterns of functional con-
nectivity from neuroimaging—could serve as proxies. Furthermore, future identification
of region-specific biomarkers or hormonal sensitivity patterns may help guide personalized
therapeutic strategies based on likely clinical trajectory.

Our results suggest that non-resolving CAE may result not only from increased strength
of connections in the frontal cortex but also from the composition of cell types within the
network, with a higher proportion of bursting-type cells preventing the therapeutic e↵ects
of allopregnanolone. This highlights the significance of individual neuronal components in
network dynamics—much like the concept of ictogenic neurons, where even in a network
with largely non-pathological connectivity, specific neuronal populations can contribute to
pathological activity patterns [45, 167]. Our findings are consistent with clinical studies
using functional connectivity analysis that have identified pre-treatment ictal connectiv-
ity di↵erences between patients who ultimately experience remission and those who do
not. In particular, increased frontal cortical connectivity has been observed in patients
with non-remitting seizures, and treatment non-responders [190]. It is important to note
that these clinical studies employ functional connectivity analyses, whereas our modelling
involves structural connectivity alterations. Functional connectivity measures the relation-
ship between neural activity in di↵erent brain regions, without directly reflecting physical
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connections [184]. On the contrary, structural connectivity in our model refers to the actual
synaptic connections between neurons. Despite this di↵erence in approach, our ability to
reproduce similar results by modifying synaptic strengths suggests that structural alter-
ations may underlie the functional connectivity patterns observed clinically. This provides
a potential mechanistic explanation for the clinical heterogeneity observed in CAE out-
comes.

Some of the limitations of this work include our simplified representation of frontal and
parietal cortices, with neuronal firing types (bursting versus regular spiking) serving as
the primary distinguishing feature between cortical regions. In reality, both firing types
exist across cortical regions, albeit in di↵erent proportions [32, 210]. Future models could
be improved by incorporating additional distinguishing features of these regions, such as
region-specific distributions of receptors mediating excitation or inhibition. To address
the multifactorial nature of this disease, our future directions include exploring whether
connectivity di↵erences that prevent SWD resolution hold for other genetic mechanisms
contributing to the initial diseased state, beyond the reduced cortical inhibition caused by
GABRG2 mutations. It would be valuable to explore whether certain genetic mechanisms
might better compensate for increased frontocortical connectivity to promote the resolu-
tion of SWD activity. Our model is particularly well-suited for investigating di↵erential
drug responses based on connectivity profiles. Future studies could test whether specific
pharmacological interventions are better suited for particular connectivity patterns. This
approach would be similar to existing computational studies that evaluate treatment re-
sponses in models with specific genetic mechanisms underlying the disease state, providing
insights into potential treatment response trajectories and personalized therapeutic strate-
gies [106].

4.5 Conclusion

In conclusion, our findings suggest that both the composition of neuronal cell types and
the intrinsic connectivity patterns in the thalamocortical circuit may influence remission
in childhood absence epilepsy. Specifically, our model demonstrates that increased fron-
tocortical connectivity may prevent allopregnanolone-mediated recovery from spike-wave
discharge states in networks with higher proportions of intrinsically bursting neurons in
deep cortical layers. This may help explain why some patients experience non-remitting
seizures despite the hormonal changes associated with puberty. One of our main contribu-
tions is that our model provides a computational framework for developing more targeted
therapeutic approaches, particularly for patients with distinct excitability and connectivity
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profiles that may predict a predisposition to poor treatment response or a disease course
leading to non-resolution.
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Figure 4.9: Raster plot of the 72-25 (nIB:nRS) fitted model demonstrates spindle os-
cillations (A), transitioning to spike-wave discharges (D) through cortical disinhibition,
modelled as a reduction in baseline GABAa conductance from 100% to 10%. (B) and
(E): Sample voltage traces from cell index 0 in each population, with LFP traces (in blue)
computed using the method outlined in Section 4.2.3. The network activity during spin-
dle oscillations exhibits a peak power at 7 Hz (C), whereas the SWD state shows peak
power at 5 Hz (F). All simulations were conducted using Control GABAa-receptor medi-
ated synapses.
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Figure 4.10: Network frequency response to varying levels of cortical GABAa-receptor
mediated inhibition. The colour of each bar represents the relative power within the
frequency range associated with SWDs.

Figure 4.11: Power spectral density of the 75-25 (nIB:nRS) fitted model using Control
synapses (A) and post-ALLO synapses (B), calculated from filtered LFP traces (in orange),
as described in Section 4.2.3. The network was initialized with cortical disinhibition (10%
baseline cortical GABAa conductance). Shaded regions indicate relative power within the
frequency ranges associated with SWDs (2.5–5 Hz; red) or Spindle oscillations (7–10 Hz;
green).

81



Figure 4.12: Network frequency response to varying levels of cortical GABAa-receptor
mediated inhibition, using the 5-95 (left) and 95-5 (right) (nIB:nRS) model configurations.
The colour of each bar represents the relative power within the frequency range associated
with SWDs.
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Figure 4.13: Spectral power analysis showing time-frequency representations of network
activity for the 5-95 and 95-5 (nIB:nRS) model configurations, using 100% (A, C) and 10%
(B, D) baseline cortical GABAa conductance. For both models, fully inhibited networks
exhibit maximal power at 7.5 Hz, while partially disinhibited networks show maximal
power at 5 Hz. LFP traces (in blue) were calculated using the population-based method
described in Section 4.2.3.
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Figure 4.14: Power spectral density of the 5-95 (A1–A3) and 95-5 (C1–C3) (nIB:nRS)
model configurations, calculated from filtered LFP traces (in orange). Shaded regions
indicate relative power within the frequency ranges associated with SWDs (2.5–5 Hz; red)
or Spindle oscillations (7–10 Hz; green). (A1, C1): Networks with Control synapses and
full cortical inhibition, exhibiting spindle oscillations at 7.5 Hz. (A2, C2): Networks with
Control synapses and reduced cortical GABAa conductance (10% baseline), exhibiting
SWDs at 5 Hz. (A3, C3): Networks initialized with cortical disinhibition as in (A2, C2)
but using post-ALLO synapses, showing transition to a physiological state under the e↵ect
of allopregnanolone. (B1): Relationship between relative power in spindles range and peak
network frequency for fully inhibited networks. (B2): Relationship between relative power
in SWDs range and peak network frequency for partially disinhibited networks. (B3):
Relationship between relative power in spindles range and peak network frequency for
networks under the e↵ect of ALLO.
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Figure 4.15: Spectral power analysis showing time-frequency representations of network
activity for the 50-50 (nIB:nRS) model configuration with enhanced frontal cortical connec-
tivity, using (FIBIB, FIBNRS, FNRSIB) = (7, 5, 3). (A): Network behaviour using Control
synapses and full cortical inhibition exhibits maximal power at 5.5 Hz. (B): Network be-
haviour using Control synapses under partial disinhibition (10% baseline cortical GABAa
conductance) shows maximal power at 4 Hz. (C) Network initialized with cortical disin-
hibition as in (B) but using post-ALLO synapses shows a lack of restorative e↵ect from
ALLO, with a maximal frequency of 2.5 Hz. LFP traces (in blue) were calculated using
the method described in Section 4.2.3.
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Figure 4.16: 3D visualization of the grid search results across 83 = 512 parameter com-
binations within the (FIBIB, FIBNRS, FNRSIB) parameter space using the 50-50 (nIB:nRS)
model configuration. (A–C): Initial search using Control synapses with cortical GABAa
conductance at 10% baseline, were filtered by examining the magnitude of: (A): relative
power within spindles range, (B) relative power within SWDs range, and (C): peak fre-
quency from power spectral density analysis. (D): Filtered parameter combinations from
the initial search. (E): Parameter combinations that produce spindle-like oscillations when
simulated with cortical GABAa conductance restored to normal (100% baseline) levels.
(F): Parameter combinations that produce continued SWDs (in red) when the network
is simulated using 10% baseline cortical GABAa conductance and post-ALLO synapses.
(G): Final parameter set of (FIBIB, FIBNRS, FNRSIB) for which the 50-50 (nIB:nRS) model
exhibits continued SWDs post application of ALLO.
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Figure 4.17: Power spectral density of the 5-95 (A1–A3) and 95-5 (C1–C3) (nIB:nRS)
model configurations with enhanced frontal cortical connectivity, calculated from filtered
LFP traces (in orange). Shaded regions represent relative power within frequency ranges
associated with SWDs (2.5–5 Hz; red) or Spindle oscillations (7–10 Hz; green). (A1, C1):
Networks with Control synapses and full cortical inhibition, exhibiting spindle oscillations
at 6.5 Hz and 7 Hz for the 5-95 and 95-5 models, respectively. (A2, C2): Networks with
Control synapses and reduced cortical GABAa conductance (10% baseline), exhibiting
SWDs at 4 Hz and 3 Hz for the 5-95 and 95-5 model, respectively. (A3, C3): Networks
initialized with cortical disinhibition as in (A2, C2) but using post-ALLO synapses. The
transition to a physiological state under the e↵ect of allopregnanolone occurs for the 5-95
model configuration, but not the 95-5 model. (B1): Relationship between relative power in
spindles range and peak network frequency for fully inhibited networks (B1) and networks
under the e↵ect of ALLO (B3). (B2): Relationship between relative power in SWDs range
and peak network frequency for partially disinhibited networks.
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Figure 4.18: Comparison of network responses between the 5-95 and 95-5 (nIB:nRS) model
configurations under two cortical GABAa conductance conditions (100% and 10% base-
line). (A, C): Relative power in the spindle/SWDs frequency range. (B, D): Corresponding
peak frequencies of network activity. Each condition is shown under baseline (orange) and
increased frontocortical connectivity (purple).
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Chapter 5

Modelling the impact of sodium
channel mutations on remission and
non-remission in childhood absence
epilepsy

This chapter is based on the paper: M Ahmed and SA Campbell. 2025. Modelling genetic mutations
in resolving and non-resolving childhood absence epilepsy. In preparation.
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5.1 Introduction

Childhood absence epilepsy is a genetically complex disorder with many di↵erent genetic
mutations implicated. It typically a↵ects children between the ages of 4 and 12 years and
has a fascinating tendency to resolve during adolescence in most cases, as discussed in
Section 1. CAE is characterized by pathological 2.5–5 Hz spike-wave discharge (SWD)
activity, which often arises from the transformation of physiological 7–10 Hz spindle os-
cillations generated by the thalamocortical circuit, as described in Section 2.6. Genetic
studies in patients with CAE have identified mutations in genes encoding ion channels and
neurotransmitter receptors. These include genes encoding sodium channels, calcium chan-
nels, chloride channels, h-channels, and GABA receptors [35, 208, 156, 209, 109]. Among
these, several specific variants have been particularly implicated in CAE pathophysiology.
Di↵erent types of mutations are possible such as missense, and null. A missense mutation
refers to the substitution of one amino acid for another in the protein, thereby a↵ect-
ing the protein’s function, while a null mutation refers to the loss of channel expression
[151]. Genetic variants of these channels can manifest as gain- or loss-of-function muta-
tions, resulting in either neuronal hyperexcitability or hypoexcitability. When combined
with cell-type-specific gene expression patterns, these variants can significantly alter the
excitatory/inhibitory balance within neuronal networks, thereby modifying the underlying
mechanisms of seizure generation.

Voltage-gated sodium channels (VGSCs) are crucial for neuronal excitability, generating
depolarizing sodium currents that initiate and propagate action potentials. In mammals,
the Nav1.1, Nav1.2, Nav1.3 and Nav1.6 channels encoded by SCN1A, SCN2A, SCN3A
and SCN8A respectively, are expressed primarily in the central nervous system, and usu-
ally concentrated on the axon initial segments (AIS) of neurons [173]. Each of these genes
is characterized by distinct patterns of spatial and temporal expression [132]. In the con-
text of absence epilepsy, mutations in the genes encoding Nav1.2 and Nav1.6 are primarily
responsible for the disease pathology, with SCN2A and SCN8A consistently expressed in
both humans and rodents across di↵erent brain regions, including the cortex and thalamus
[208, 57, 71].

Several studies have investigated SCN8A mutations in rodent models, revealing strain-
specific e↵ects on absence seizures. Papale et al. specifically identified three SCN8A alle-
les (Scn8aV 929F , Scn8amed, and Scn8amed�jo) that demonstrated significant variations in
spike-wave discharge (SWD) patterns, with higher average seizure frequency and SWD am-
plitude in any of the SCN8A mutants as compared to the wild-type [160]. The functional
impact of each of these alleles was investigated in other studies. Scn8amed is a spontaneous
mutation, causing the production of a disrupted protein that is unlikely to retain channel
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function. This mutations leads to the loss of expression of the SCN8A sodium channel,
and as a result, Scn8amed is classified as a null allele [107]. Scn8amed�jo and Scn8aV 929F

are both missense mutations that alter the voltage dependence of channel gating [108, 156].
All three of these variants result in decreased function of the Nav1.6 sodium channel, sug-
gesting overall neuronal hypoexcitability. In a study by Ogiwara et al., SCN2A-knockout
(Scn2a+/�) mice were found to exhibit ethosuximide-sensitive absence-like seizures ac-
companied by spike-wave discharges in adulthood [155]. Interestingly, selective deletion of
SCN2A in excitatory neurons, but not in inhibitory neurons, led to increased occurrence
of SWDs, and seizures were e↵ectively suppressed by ethosuximide administration.

Several animal models of absence epilepsy have been developed, resulting from sponta-
neous mutations in mice (e.g., tottering, lethargic, and stargazer models) and in rats (e.g.,
GAERS and WAG/Rij) [38, 95]. These models provide a valuable and accessible platform
for further exploration of the genetic basis of CAE, particularly with regard to the func-
tional consequences of specific mutations, which would be challenging to study directly in
human patients. However, animal models present significant limitations when it comes to
studying the phenomenon of remission in CAE. A major limitation is the inability of these
animals to exhibit remitting seizures, a critical feature of CAE in most human cases [202].

This gap between animal models and human disease progression significantly impacts
our understanding of prognosis factors. While research has identified various mutations
implicated in CAE, as discussed earlier, there is currently limited understanding of how
specific genetic variants correlate with improved treatment response and prognosis. Given
the multifactorial nature of the disease, we still lack genetic markers that can predict
disease outcome. Moreover, it remains unclear whether specific genetic mechanisms un-
derlying the manifestation of CAE inherently contribute to a higher likelihood of disease
remission, or whether other factors could modulate the impact of these mechanisms on
disease progression and eventual outcome. In this study, we utilize a previously developed
conductance-based model of the thalamocortical circuit, described in Section 4.2.1, to in-
vestigate whether specific genetic mutations implicated in CAE predispose individuals to
non-remission. Additionally, we examine whether factors such as increased frontocortical
connectivity contribute to non-remission, even in individuals with genetic mutations found
to be associated with remission.

5.2 Materials and methods

We utilized a 475-cell thalamocortical network defined exactly as in Section 4.2.1. The
model consists of the following populations: 25 layer 5 RS pyramidals, 75 layer 5 IB

91



pyramidals, 75 layer 6 non-tufted RS pyramidals, 100 deep LTS interneurons, 100 thala-
mocortical cells, and 100 thalamic reticular cells. Each neuron is modelled using a sin-
gle compartment, and its own set of ionic currents ranging from transient and persistent
sodium currents, potassium currents of the delayed rectifier, transient, slowly inactivating,
and Ca2+-dependent types, in addition to both low- and high-threshold Ca2+ currents,
described by Equations (3.1)–(3.6). As illustrated in the network schematic in Figure 4.1,
all excitatory connections in the network are mediated by AMPA receptors, and inhibitory
connections are mediated by either GABAa only or a combination of GABAa and GABAb
receptors, defined appropriately using equations (4.7)–(4.11). The model parameters are
given in Tables 4.1–4.4, while details of the individual currents, and synaptic dynamics are
provided in Appendix B.

All models were simulated using NetPyNE and run in parallel on a Dell PowerEdge
R840 with four 20-core Intel processors and 768 GB of RAM. Each simulation ran for
15 seconds of simulation time, with a typical runtime of approximately 12 minutes and
memory usage of 13 GB.

5.2.1 Modelling voltage-gated sodium channel mutations

We modelled the e↵ects of various SCN2A and SCN8A mutations in single neurons in a
mutation-dependent manner by modifying parameters related to the fast sodium current
(INaf ) and the slowly activating and inactivating potassium current (IK2). The selection
of INaf was driven by the critical roles of both Nav1.2 and Nav1.6 in action potential
generation as well as their involvement in the fast sodium current. In contrast, IK2 was
chosen due to its analogy to the delayed rectifier, with Kv1.1 being a voltage-gated delayed
rectifier channel [89, 59]. The alterations to channel kinetics were based on relative changes
in channel activity between wild-type and mutant forms, as reported in the literature and
outlined below.

The functional impact of the Scn8amed mutation is reported to be a loss of Nav1.6
channel expression [107]. We modelled this e↵ect by modifying the parameter denoting
the maximum conductance of the fast sodium current (gNaf ), as illustrated below:

INaf = gNaf ·m3
Naf

· hNaf · (V � VNa) (5.1)

The Scn8amed�jo mutation is reported to alter the voltage dependence of channel gating
[108]. In a study by Kohrman et al, electrophysiological analysis using voltage clamp
techniques in Xenopus oocytes expressing a mutant sodium channel showed the voltage
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dependence of both activation and inactivation to be shifted in the depolarizing direction.
This shift means that, for a given depolarization, the mutant channels open less readily than
the wild-type, resulting in a reduced percentage of open channels at the same membrane
potential. The experimental results were presented using standard Boltzmann functions
representing steady state activation and inactivation, as described in Section 2.3.1. The
resulting parameters for both wild-type and mutant channel activity are given in Table
5.1.

Similarly, the Scn8aV 929F mutation is also reported to a↵ect the voltage-dependent
channel gating properties in a manner that suggests a general reduction in channel activity
[156]. In particular, there is a depolarizing shift in the activation curve compared to the
wild-type, suggesting that the mutant has a decreased number of open channels at a given
voltage. There is also a large hyperpolarizing shift in the inactivation curve compared to
the Nav1.6 wild-type, consistent with a further decrease in channel activity. These changes,
as reported experimentally, are presented in Table 5.1.

Activation (m1)
Wild-type Mutant

Mutation Type V1/2 (mV) k V1/2 (mV) k

Scn8amed�jo -23.9 ± 1.9 4.4 ± 0.8 -9.8 ± 1.5 4.1 ± 0.6
Scn8aV 929F -15.2 ± 1.7 9.37 ± 1.4 -9.33 ± 1.6 7.53 ± 0.6

Inactivation (h1)
Wild-type Mutant

Mutation Type V1/2 (mV) k V1/2 (mV) k

Scn8amed�jo -51.1 ± 0.6 5.7 ± 0.3 -44.3 ± 0.9 5.0 ± 0.3
Scn8aV 929F -36.58 ± 2.2 7.32 ± 0.2 -48.37 ± 1.9 6.11±0.2

Table 5.1: Comparison of parameters of the steady-state activation and inactivation prop-
erties of wild-type and SCN8A variants as reported by Kohrman et al. [108] (Scn8amed�jo)
and Oliva et al. [156] (Scn8aV 929F ).

In our model, the steady-state activation and inactivation properties of the fast sodium
channel in all the cortical cells were represented by Boltzmann-like sigmoid functions, as
in Equations (2.12)–(2.13), which describe the voltage-dependent probability of channel
opening or closing. However, in both the thalamic cells, the dynamics of the fast sodium
channel were described using forward (↵) and backward (�) rate constants that control
the transitions between channel states, as described in Equation (2.9). The steady-state
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activation and inactivation variables were defined as the equilibrium solutions of these
state transitions, as given in Equation (2.10). Since alterations in channel activity due
to SCN8A mutations were specific to half-activation voltage and the slope factor in the
Boltzmann functional form, we needed to redefine the existingmNa1 and hNa1 expressions
for both thalamic cell types in terms of a Boltzmann-like function. The details of this
redefinition are provided in Appendix C.1.

The e↵ects of both Scn8amed�jo and Scn8aV 929F mutations were modelled by introduc-
ing a shift in the half-activation voltage (Vshift,i) as well as a shift in the slope factor (kshift,i)
parameters in the steady-state activation/inactivation functions for the fast sodium cur-
rent, as highlighted in the following equations:

mNaf1 =
1

1 + exp
⇣�V+

⇣
V1/2,m+ Vshift,m

⌘

km+ kshift,m

⌘
(5.2)

hNaf1 =
1

1 + exp
⇣V�

⇣
V1/2,h+ Vshift,h

⌘

kh+ kshift,h

⌘
(5.3)

where mNaf1 and hNaf1 denote steady state activation and inactivation, respectively, V1/2

denotes the half-activation voltage, and k denotes the slope factor. Each shift factor was
defined by the following equations:

Vshift,i =
�V1/2,i · |V1/2,i|

100
for i = m,h (5.4)

kshift,i =
�ki · |ki|

100
for i = m,h (5.5)

where the �V1/2,i and �ki values correspond to the relative changes between wild-type
and mutant channel properties. The relative change was calculated using the following
equation:

�Xi =
hXMut �XWT

XWT

i
⇥ 100% for X = V1/2, k (5.6)

where XMut and XWT denote values corresponding to the mutant and wild-type channel,
respectively. The parameters used to model the SCN8A mutations are given in Table 5.2.

At a cellular level, voltage-clamp analysis of cultured Scn2a+/� hippocampal pyramidal
neurons showed an approximate 45% reduction in maximum sodium conductance density
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[155]. As per the findings of Zhang et al., severe Nav1.2 deficiency significantly downregu-
lates the expression of multiple potassium channels, particularly Kv1.1, altogether leading
to neuronal hyperexcitability [212, 181]. Accordingly, we modelled the Scn2a+/� mutation
by modifying the parameter corresponding to the maximal conductance of the INaf current
as in Equation 5.1 as well as adjusting the maximal IK2 conductance parameter (gK2) to
account for increased neuronal firing observed experimentally, as highlighted below:

IK2 = gK2 ·mK2 · hK2 · (V � VK) (5.7)

Specifically, this involved reducing the maximal IK2 conductance by approximately two-
fold relative to the reported value, changing it from roughly 33% to 75% [212]. The analysis
underlying this modification is discussed in Figure C.2 of Appendix C. The parameters used
to model the SCN2A mutation are given in Table 5.3.

Activation (mNaf1) Inactivation (hNaf1)

Mutation Type �V1/2,m �km �V1/2,h �kh gNaf

Scn2a+/� - - - - 0.55⇥ baseline value
Scn8amed - - - - 0⇥ baseline value
Scn8amed�jo 59 -6.8 13.3 -12.3 -
Scn8aV 929F 38.6 -19.6 -32.2 -16.5 -

Table 5.2: Modifications to the fast sodium current (INaf ) parameters as a result of muta-
tions of SCN2A or SCN8A. Note that alterations to the activation and inactivation curve
parameters were implemented as a relative change (given in %) between the wild-type and
mutant channel activity.

Mutation Type gK2

Scn2a+/� 0.25 ⇥ baseline value

Table 5.3: Modification to the slowly activating and inactivating potassium current (IK2)
maximal conductance as a result of SCN2A mutation.

5.2.2 Modelling and evaluating the e↵ect of mutations on net-
work activity

To implement the e↵ect of a particular mutation on channel activity, we consider relative
changes between the wild-type and mutant channels, as described in Section 5.2.1, and
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introduce a mutation strength parameter that controls the intensity of the mutation’s
e↵ect, Meffect, defined by the following equation:

Meffect = Mmax ⇥
mutation strength

100
(5.8)

where Mmax is the maximum possible e↵ect of the mutation (i.e., the relative magnitude
of the change). When the mutation strength is set to 100%, the mutation causes the full
intended e↵ect. As the mutation strength changes, the magnitude of its impact is scaled
proportionally.

Recall that the peak network frequency and relative power in spindles/SWD frequency
range are calculated from the power spectral density (PSD) curve, the computation of
which is described in detail in Section 4.2.3. We use these to define a metric, mutation
score, for evaluating and characterizing the e↵ectiveness of a given mutation in inducing
network activity that exhibits pathological spike-wave discharges (SWDs), given by the
following equation:

Mscore = �SWD range +Rspindles (5.9)

where �SWD range denotes the distance of the peak network frequency from the frequency
range associated with SWDs, and Rspindles represents the relative power in the spindles
range, normalized by the total relative power in both the spindles and SWD frequency
ranges. Each term is defined using the following equations:

�SWD range =

8
>>><

>>>:

0.5 · |fpeak � 2.5|, if fpeak < 2.5

0, if 2.5  fpeak  5

2 · |fpeak � 5|, if fpeak > 5

10, if no triggered oscillations

(5.10)

where fpeak denotes the peak frequency in the PSD curve, and,

Rspindles =

(
Pspindles

Pspindles+PSWDs

10, if no triggered oscillations
(5.11)

where Pspindles and PSWDs denote the relative power in spindles and SWD frequency range,
respectively. The mutation score is defined such that low scores correspond to network
behaviour characteristic of SWD activity, while high scores indicate deviations from this
pattern.
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5.3 Results

5.3.1 E↵ects of SCN2A and SCN8A mutations on single neuron
activity in the cortex and thalamus

The varying impacts of SCN2A and SCN8A mutations on single neuron activity across
di↵erent cell types are shown in Figures 5.1-5.10. We modelled Scn2a+/� only in cortical
cells due to a lack of evidence on the e↵ects of this mutation type on thalamic cells. Across
all excitatory cells in the cortex, for a fixed mutation strength, the Scn2a+/� mutation
increases neuronal firing, as illustrated by the spike-count response curves in Figures 5.1-
5.3 (panel C, green curves). In the case of the IB cell, notches are observed in the spike-
count response curve. These notches can be explained by the emergence of transitory
firing patterns, particularly sub-threshold doublet spikes, which eventually develop into
full action potentials, resulting in a subsequent increase in the spike count. Interestingly,
neuronal hyperexcitability was not observed in the cortical inhibitory cell, as shown in
Figure 5.4C (green curve). However, this is likely due to its low baseline conductance of the
K2 current, as compared to the excitatory cells, since the observed increase in spike count is
largely dependent on the reduction in K2 conductance caused by SCN2A haplodeficiency.
A consistent feature across all cortical cells was depolarization block, which occurred as a
result of excessive input current and ultimately reduced the number of actions potentials
to zero. Consistent with findings in the literature, the Scn2a+/� mutation led to a reduced
mean action potential amplitude and a broader action potential half-width in excitatory
cortical neurons [181, 212]. As shown in Table 5.4 and Figure 5.5 (top row), this e↵ect
was consistent across cell types and became more pronounced with increased mutation
strength. The spike-count response to varying mutation strength (Figure 5.5, bottom row)
was similar to the response to increasing input current: in excitatory cortical cells, neuronal
firing increased with mutation strength, while the inhibitory LTS cell exhibited a decrease
in firing, until all neurons eventually entered depolarization block and ceased firing. In
addition to changes in firing frequency, the mean action potential amplitude decreased
with increasing mutation strength, as shown in Figures 5.1–5.3 (panel B) and Figure 5.5
(top row). This e↵ect was consistent across all cell types and suggests that the loss of
firing observed with the Scn2a+/� mutation may be attributed to a reduction in action
potential amplitude.

The di↵erent SCN8Amutations exhibited region-specific di↵erences between the cortex
and thalamus, along with cell-specific e↵ects in the thalamus. Across cortical cells, all
mutations were loss-of-function types, as shown in Figures 5.1-5.4 (panels B and C). For
a fixed mutation strength, each mutation type decreases the firing frequency as well as
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Mean AP Amplitude (mV) Mean AP Half-width (ms)

Cell Type Iapp (nA) 0% 50% 75% 100% 0% 50% 75% 100%

Layer 5 RS 1.7 93.66 84.74 77.65 65.60 0.44 0.51 0.58 0.84
Layer 5 IB* 1.2 98.84 90.61 85.87 77.12 0.36 0.41 0.43 1.07
Layer 6 NRS 1.4 96.09 86.66 78.63 66.09 0.43 0.49 0.57 0.73

* The second spike in a doublet burst was removed from all calculations as these were
small-amplitude oscillations that emerged due to hyperexcitability and consequently
biased the measurements.

Table 5.4: Average action potential amplitude and half-width as a result of
Scn2a+/� with varying mutation strengths (given as percentages) on di↵erent
cortical cells. Both spike features were measured using the eFEL Python pack-
age’s AP amplitude from voltagebase and spike half width functions. Both fea-
tures were averaged across all spikes.

the maximal input current before depolarization block, as shown in Figures 5.1-5.4 (panel
C). Notably, Scn8aV 929F had the most debilitating e↵ect on neuronal firing, followed by
Scn8amed�jo and Scn8amed in that order. Generally speaking, the notches observed in the
spike-count response curves are a consequence of the emergence of subthreshold doublets
or triplet bursts, which momentarily reduces the spike count. These local minima occur at
specific current intensities where the neuron transitions between di↵erent firing patterns.
As input current continues to increase, the subthreshold oscillations develop into full action
potentials, causing the spike count to rise. This creates the characteristic non-monotonic
regions in the response curves. Eventually, when there is excessive input current, the cell
reaches a sustained depolarized state, leading to depolarization block, and the number of
action potentials reduces to zero. The loss of firing particularly occurs through decreased
action potential amplitude, resulting from reduced fast sodium current, as illustrated in
Figures 5.1-5.4 (panel B). This behaviour is consistent across all three mutation types and
cortical cells. As shown in Figure 5.6, increasing mutation strength leads to decreased mean
action potential amplitude (top row) and reduced firing frequency (bottom row), eventually
causing the neuron to cease firing. The spike-count response to mutation strength is similar
to that seen with varying input current in that occasional peaks due to transitions in
firing patterns are present. These transitions manifest as high-frequency sub-threshold
oscillations that progressively decrease in amplitude.

The e↵ect of SCN8A mutations on the thalamocortical (TC) cell is type-dependent.
As shown in Figure 5.7B, for a fixed mutation strength, generally all three mutations do
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Figure 5.1: (A) and (B): Voltage traces of Layer 5 Regular Spiking (RS) cortical neuron
for varying input currents and mutation strengths (with input current held at 1.7 nA for
500 ms) for each SCN2A and SCN8A mutation type. (C): Spike-count response curve
with each SCN2A and SCN8A mutation strength fixed at 75% and 20% respectively.

not cause significant deviations of the spike-count response curves from the wild-type. This
is consistent with the e↵ect of SCN8A haplodeficiency in TC cells as reported in [128] (see
Figure 4D1). While Scn8aV 929F lowers the curve more than Scn8amed�jo, the Scn8amed

mutation moves the curve in the opposite direction. As illustrated in Figure 5.8, for a fixed
input current, increasing Scn8amed mutation strength decreases both mean action potential
amplitude (panel A) and reduces firing frequency (panel B) by 100%, eventually. On the
contrary, increases in mutation strength of both Scn8amed�jo and Scn8aV 929F results in a
0.21% and 0.34% decrease in mean amplitude, and 12.5% and 25% decrease in spike count,
respectively. Thus, only the null mutation results in a total loss-of-function of the TC cell
at maximal mutation strength.

The e↵ect of SCN8A mutations on thalamic reticular (RE) neurons is also type-
dependent. As shown in Figure 5.9B, for a fixed mutation strength, Scn8amed�jo and
Scn8aV 929F result in reduced neuronal firing with varying input current, thus shifting the
spike-count response curves down relative to the wild-type. The Scn8amed mutation main-
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Figure 5.2: (A) and (B): Voltage traces of Layer 5 Intrinsically Bursting (IB) cortical neuron
for varying input currents and mutation strengths (with input current held at 1.2 nA for
500 ms) for each SCN2A and SCN8A mutation type. (C): Spike-count response curve
with each SCN2A and SCN8A mutation strength fixed at 75% and 20% respectively.

tains more robust firing across mutation strengths, showing greater resilience to changes
in maximal conductance. In contrast with the excitatory thalamic cell, the Scn8amed�jo

mutation has a more debilitating e↵ect on neuronal response than Scn8aV 929F . Exploring
variation in mutation strength for a fixed input current illustrates the di↵erent mutation-
dependent mechanisms by which RE firing is a↵ected, as shown in Figure 5.10. With
increases in Scn8amed strength, the main e↵ect is a gradual reduction in spike amplitude
of the initial burst of spikes during the first 100ms post-stimulus (Figure 5.10B). The
total spike count (Figure 5.10A) appears to remain relatively stable until high mutation
strengths, and firing appears more regular across moderate mutation strengths. In con-
trast, spike amplitude reduction of the initial burst is not observed to the same level with
increases in Scn8aV 929F strength. Instead, there is a gradual decrease in firing frequency
until there is insu�cient activation of sodium channels to allow sustained steady-state fir-
ing. The main e↵ect of Scn8amed�jo is distinctly di↵erent, primarily a↵ecting the cell’s
ability to sustain firing as indicated by the duration until last spike illustrated in Figure
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Figure 5.3: (A) and (B): Voltage traces of Layer 6 Non-tufted Regular Spiking (NRS)
cortical neuron for varying input currents and mutation strengths (with input current held
at 1.4 nA for 500 ms) for each SCN2A and SCN8A mutation type. (C): Spike-count
response curve with each SCN2A and SCN8A mutation strength fixed at 75% and 15%
respectively.

5.10C as well as mutation strength-dependent voltage traces in Figure 5.9A . This “burst-
then-cease” transition in firing behaviour suggests a qualitatively di↵erent mechanism of
firing reduction compared to the other mutations.

With increases in mutation strength, all three mutation types eventually lead to com-
plete loss of firing at 100% strength, though through di↵erent trajectories. As illustrated
in Figures 5.9A and 5.10A,B, at moderate strengths, Scn8amed shows a gradual reduction
in initial burst amplitude while maintaining firing patterns. Scn8aV 929F exhibits a pro-
gressive decrease in firing frequency. Scn8amed�jo displays a distinctive “burst-then-cease”
pattern. This suggests that while the final outcome is similar, the path to firing loss di↵ers
between mutations a↵ecting channel conductance versus voltage-dependent properties. In
particular, alterations in voltage dependence of activation and inactivation (Scn8amed�jo

and Scn8aV 929F ) a↵ect the channel’s ability to properly transition between states, leading
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Figure 5.4: (A) and (B): Voltage traces of Low-threshold Spiking (LTS) Interneuron in the
cortex for varying input currents and mutation strengths (with input current held at 0.6 nA
for 500 ms) for each SCN2A and SCN8A mutation type. (C): Spike-count response curve
with each SCN2A and SCN8A mutation strength fixed at 75% and 15% respectively.

to premature inactivation or impaired activation that compromises sustained firing. In
contrast, reduced maximal conductance (Scn8amed) simply decreases the number of avail-
able functional channels, resulting in smaller amplitude spikes during the initial burst,
while maintaining normal voltage-dependent properties that enable sustained firing pat-
terns. Our modelling provides strong evidence that reduced SCN8A expression in RE
cells likely a↵ects channel kinetics rather than just conductance. The fact that reduced
conductance alone cannot reproduce the firing patterns observed in SCN8A-deficient RE
neurons (see Figure 4C1 of [128]), while altered voltage dependence can, suggests kinetic
changes play an important role. However, experimental validation through voltage clamp
recordings would still be needed to confirm this hypothesis.
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Figure 5.5: Exploring the e↵ect of the strength of SCN2Amutation on the mean amplitude
of action potentials and spike count in Layer 5 RS (A), Layer 5 IB (B), Layer 6 NRS (C),
and Deep LTS (D) cortical cells. The applied input current was held at 1.7, 1.2, 1.4, and
0.6 nA respectively.

5.3.2 SCN2A and SCN8A mutations associated with remission
are modulated by frontocortical connectivity and variant-
specific factors

Building on our previous analysis, where we explored the e↵ects of SCN mutations in single
cells, we extended our investigation to examine how these mutations influence network-level
dynamics. Specifically, we targeted certain cell populations or combinations of populations
within the thalamocortical circuit, focusing on how these mutations contribute to patho-
logical network behaviour. Next, following the approach in Section 4.2.5, we investigated
the e↵ect of allopregnanolone (ALLO) on the disease states caused by these genetic muta-
tions to determine whether ALLO could modify the mutation’s e↵ects, particularly in its
ability to promote the resolution of SWDs. Additionally, we explored the role of ALLO
under the condition of increased frontocortical connectivity, a factor previously shown to
contribute to non-resolving SWDs (see Section 4.3.3).

For the Scn2a+/� mutation, we investigated its e↵ect on network behaviour by targeting
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Figure 5.6: Exploring the e↵ect of the strength of each SCN8A mutation type on the
mean amplitude of action potentials and spike count in Layer 5 RS (A), Layer 5 IB (B),
Layer 6 NRS (C), and Deep LTS (D) cortical cells. The applied input current was held at
1.7, 1.2, 1.4, and 0.6 nA respectively.

individual cortical cell populations, as well as specific cortical layers (layer 5, and layers
5 and 6 combined), with mutation strengths ranging up to 150%, as shown in Figure
5.11A. Using the mutation score metric as defined in Section 5.2.2, we identified specific
populations and mutation strengths that increased the network’s propensity to enter a
pathological state of spike-wave discharges (SWDs). A network was classified as being in
a SWDs state if its frequency ranged between 2.5–5 Hz and if it exhibited maximal power
in the frequency range associated with SWDs. Accordingly, the network entered a SWDs
state only when the target population was LTS cells and the mutation strength was greater
than or equal to 125%, as illustrated in Figure 5.11B. Then, we initialized the network to
each identified diseased state and implemented the e↵ect of allopregnanolone (ALLO) on all
GABAa-receptor mediated synapses. The e↵ect of ALLO was found to be ameliorating in
causing a transition in network activity from SWDs to spindle oscillations, as indicated by
both an increase in mutation score as well as the peak frequency of the network, as shown
in Figures 5.11C1, C2. The seemingly absent measurement of peak frequency at mutation
strengths of 130% and 140% was due to the network activity not persisting long enough
to be considered for evaluation, based on our criteria outlined in Section 4.2.2. Next, we
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Figure 5.7: (A): Voltage traces of thalamacortical (TC) neuron for varying input currents
and mutation strengths (with input current held at 0.7 nA for 500 ms) for each SCN8A
mutation type. (B): Spike-count response curve with each mutation strength fixed at 60%.

examined this ameliorating e↵ect with increased frontocortical connectivity and found it to
push the network further away from a pathological state, as indicated by a further increase
in both the mutation score and peak network frequency compared to when frontocortical
connectivity was at baseline levels, as shown in Figures 5.11D1,D2. Overall, while the
e↵ect of Scn2a+/� in causing a SWD state remains consistent across mutation strengths
equal to or greater than 125%, the e↵ect of ALLO, either alone or in combination with
increased frontocortical connectivity, peaks at 140% mutation strength. This highlights
the variability in the e↵ects of the Scn2a+/� mutation, even within the same mutation
type.

The target populations for all the SCN8A mutations included individual cortical and
thalamic populations, as well as whole cortex or thalamus, excitatory or inhibitory cells,
and combinations of both excitatory and inhibitory cells from cortex and thalamus, with
mutation strengths ranging up to 100%, as illustrated in Figures 5.12–5.14 (panel A).
Under the e↵ect of the Scn8aV 929F mutation, the network exhibited an SWD state either
when the target population was LTS cells and the mutation strength was greater than
or equal to 25%, or when the mutation a↵ected all inhibitory cells in the network (i.e.,
both LTS and RE cells) at a mutation strength of 25%, as illustrated in Figure 5.12B. The
e↵ect of ALLO on networks initialized to each of these diseased states was consistent across
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Figure 5.8: Exploring the e↵ect of the strength of each SCN8A mutation type on the
mean amplitude of action potentials (A) and spike count (B) in the TC cell. The applied
input current was held at 0.7 nA. The inset in the left panel is a close-up of the curves
corresponding to Scn8amed�jo and Scn8aV 929F .

target population groups. In particular, ALLO facilitated the network’s recovery from the
SWD state, as indicated by increases in both mutation score and peak network frequency
(Figures 5.12C1, C2, D1, D2). However, ALLO’s e↵ect di↵ered when combined with
increased frontocortical connectivity. When the target population consisted of both LTS
and RE cells, along with increased frontocortical connectivity, ALLO caused the network
to enter a more pronounced physiological spindles state, as shown by an increase in both
mutation score and network frequency (Figures 5.12D3, D4). This e↵ect was also observed
in the case where the target population was only LTS cells, although it was mutation
strength-dependent and occurred only for strengths between 25–35%, as shown in Figures
5.12C3, C4. When the mutation strength exceeded 35%, ALLO was no longer e↵ective
in mitigating the e↵ects of increased frontocortical connectivity. In this case, the network
activity shifted to a state of unresolved SWDs, with a network frequency even lower than
the baseline SWD states shown in Figure 5.12C2.

When simulated under the e↵ect of the Scn8amed�jo mutation, the network exhibited
a pathological SWD state when the target population consisted only of LTS cells and
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Figure 5.9: (A): Voltage traces of thalamic reticular (RE) neuron for varying input currents
and mutation strengths (with input current held at 0.5 nA for 500 ms) for each SCN8A
mutation type. (B): Spike-count response curve with each mutation strength fixed at 60%.

Figure 5.10: Exploring the e↵ect of the strength of each SCN8A mutation type on the
spike count (A), mean spike amplitude of the initial burst (B) and the time to last spike
(C) in the RE cell. The applied input current was held at 0.5 nA.

the mutation strength was greater than or equal to 40%, as illustrated in Figure 5.13B.
Across mutation strengths, introducing the e↵ect of ALLO on all GABAa-receptor me-
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diated synapses facilitated the network’s recovery from an SWD state, as indicated by
increases in both mutation scores and peak network frequency, shown in Figures 5.13C1,
C2. However, with increased frontocortical connectivity, ALLO’s e↵ect was no longer
ameliorative, and the network displayed a more prominent pathological SWD state, as
illustrated in Figures 5.13C3, C4. This e↵ect was consistent across mutation strengths,
with network frequency lower than the baseline SWD states shown in Figure 5.13C2.

In the case of the Scn8amed mutation, similar to all other SCN mutations considered
in this study, diseased SWD states were observed when the target population consisted
only of LTS cells. Specifically, this was seen for mutation strengths greater than or equal
to 60%, as illustrated in Figure 5.14B. Consistent with the role of ALLO in promoting
recovery from network states exhibiting SWDs, its application led to increases in both
mutation scores and peak network frequency (Figures 5.14 C1, C2). When combined with
increased frontal cortical connectivity, ALLO’s e↵ect was mutation strength-dependent,
similar to what was observed for networks under the influence of the Scn8aV 929F mutation
(Figures 5.12C3, C4). In particular, ALLO was e↵ective in resolving SWDs at mutation
strengths between 60–70%, whereas mutation strengths exceeding 70% resulted in a state
of non-remission, as shown in Figure 5.14C3, C4.

5.4 Discussion

In this study, we used a conductance-based model of the thalamocortical circuit to in-
vestigate how mutations in SCN2A and SCN8A, genes encoding voltage-gated sodium
channels and implicated in childhood absence epilepsy, influence the likelihood of remission
in the absence of anti-epileptic drug treatment. First, we identified which cell types, when
carrying these mutations, give rise to a pathological spike-wave discharge (SWD) state.
Next, we investigated which genetic variants are associated with remission. Additionally,
we examined the role of increased frontocortical connectivity in influencing non-resolution
of spike-wave discharges, particularly in the context of genetic variants associated with
favourable disease outcomes.

Our results demonstrate that, across all mutation types, mutations in the cortical deep
low-threshold spiking (LTS) interneuron population contribute to an SWD state. This is
consistent with our model, where both SCN2A and SCN8A mutations in the LTS pop-
ulation result in loss-of-function mutations, leading to reduced neuronal excitability. The
resulting decrease in excitability within inhibitory cells suggests a reduction in network-
level inhibition, which makes it reasonable that these mutations contribute to the SWD
state. This finding aligns with the net e↵ects observed in the comparison between SCN2A
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and SCN8A alterations in cortical inhibitory cells and the GABRG2 mutation, which
reduces GABAa-receptor mediated inhibition in the cortex, giving rise to spike-wave dis-
charge behaviour, as discussed in Section 3.2.1. However, the mechanisms underlying
these e↵ects di↵er. In the case of SCN2A and SCN8A mutations, the primary e↵ect is
on the intrinsic properties of the interneurons, whereas the GABRG2 mutation impairs
synapse-mediated firing in postsynaptic cells. Despite these mechanistic di↵erences, both
mutations result in a decrease in inhibitory signalling at the network level, potentially
leading to distinct temporal or spatial e↵ects on neuronal firing patterns, which influence
SWD dynamics in subtle ways. Additionally, Scn8aV 929F mutations a↵ecting thalamic
reticular (RE) neurons, along with LTS neurons, gave rise to pathological SWDs in our
model. This finding aligns with the results from Makinson et al., who reported sponta-
neous absence seizures in mice with broad inhibitory cell deletion of SCN8A [128]. Their
findings on the e↵ects of of SCN8A deficiency in individual RE neurons were also similar
to our modelling results, which demonstrated neuronal hypoexcitability. In our model, the
network’s ability to exhibit a pathological SWD state was only possible when the intensity
of the mutation’s e↵ect was su�ciently high, as measured by our mutation strength pa-
rameter discussed in Section 5.2.2. This held true for all mutation types and both target
cell populations (i.e., inhibitory cells in the cortex alone, and inhibitory cells in both the
cortex and thalamus), suggesting that the e↵ects of the mutation may vary in degree, even
within the same mutation type.

Interestingly, we found that, irrespective of the underlying disease mechanism (alter-
ations in SCN2A or SCN8A), at baseline levels of frontocortical connectivity, all SCN2A
and SCN8A variants were associated with remission. Specifically, the impact of allo-
pregnanolone (ALLO) on GABAa-receptor mediated inhibition facilitates recovery of the
network from an SWD state. This suggests that ALLO’s action on the thalamocortical net-
work is robust across varying degrees of mutation e↵ects and disease mechanisms, including
alterations in both synapse-mediated inhibition and the intrinsic properties of inhibitory
network components.

The role of ALLO in contributing to remission was influenced by increased frontocor-
tical connectivity within the network, with this influence depending on the gene, target
cell population, variant type, and the intensity of mutation e↵ects within a given variant.
Specifically, for SCN2A mutations, the e↵ect of ALLO on the network was consistent with
the resolution of SWDs, with or without increased frontocortical connectivity. For SCN8A
mutations, when the target population consisted of inhibitory cells in both the cortex and
thalamus, alterations in frontocortical connectivity had no debilitating impact, and the
network was able to exhibit resolution from a pathological state. However, when the tar-
get population was restricted to LTS cells, the outcome diverged in a variant- and mutation
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intensity-dependent manner. Specifically, Scn8amed�jo mutations, under the condition of
increased frontocortical connectivity, were associated with non-remission, regardless of mu-
tation intensity. In contrast, Scn8amed and Scn8aV 929F mutations were associated with re-
mission at lower mutation strengths, but with non-remission at higher mutation strengths.
This behaviour was consistent with how increased frontocortical connectivity influenced
network configurations, as discussed in Section 4.3.3.

These observations further reflect the variability seen in patients, even when their ini-
tial presentations appear similar. The genetic landscape is complex, making it di�cult
to determine which cells potentially carry specific mutations, without invasive procedures.
However, advances in non-invasive techniques like magnetic resonance spectroscopy (MRS)
could help infer the e↵ects of mutations based on brain activity patterns [170]. MRS
measures metabolites like glutamate and GABA, which are involved in excitatory and in-
hibitory signaling. Imbalances in these neurotransmitters—such as increased glutamate
and decreased GABA—could indicate hyperexcitability, suggesting dysfunction in excita-
tory cells or inhibition failure. While MRS cannot pinpoint the exact cellular origin, it
could provide valuable indirect evidence of excitatory or inhibitory disruptions. When
combined with initial genetic sequencing, this approach may o↵er insights into whether
mutations primarily a↵ect inhibitory or excitatory cells, or the extent of disruption in
each cell type. Building on such data, computational simulations and digital twin mod-
els can further enhance personalized medicine by integrating genetic, neuroimaging, and
metabolic information to simulate individual brain network behaviour. These models can
help predict how specific patients may respond to treatments and provide forecasts for the
likelihood of symptom worsening or remission during puberty, enabling more informed and
individualized clinical decisions.

One limitation of this study is that we focused on the e↵ects of individual mutations,
rather than considering how co-occurring mutations might interact. As with other idio-
pathic epilepsies, childhood absence epilepsy is a polygenic disorder characterized by com-
plex interactions among multiple genes that shape the CAE phenotype [130, 14]. Moreover,
mutations in one gene may not only contribute directly to the syndrome, but also modify
the e↵ects of mutations in other genes [153]. By examining the combined influence of
SCN2A and SCN8A mutations, we could gain deeper insights into this complex genetic
landscape. Another major limitation of this study is that we focused solely on genetic pre-
dispositions in the absence of antiepileptic drug (AED) treatment, a scenario that does not
reflect typical clinical practice, where patients are routinely treated with AEDs [148]. Fur-
thermore, AEDs may have disease-modifying e↵ects, potentially altering the course of the
disease in various ways, including changes in ion channel expression and activity-dependent
reorganization of neural circuits [54, 18, 166]. In particular, the mechanisms involved in

110



seizure control may, with frequent use, compensate for mutations that, in a drug-naive
context, are predicted in our model to result in non-remission. A key strength of this
study, however, is that it provides a foundation for future computational modelling of
these drug-treatment e↵ects. By simulating how AEDs interact with genetic factors, these
models can identify e↵ective therapeutic strategies that may modify disease progression,
even in cases where mutations are predicted to limit recovery. Moreover, such simulations
can be further refined to identify optimal interventions for individual patients. For ex-
ample, in silico comparisons of conventional AEDs versus neurosteroid-based treatments
may reveal approaches that are most e↵ective for specific genetic profiles. This predictive
capacity would be particularly valuable for guiding personalized treatment plans in clinical
settings.

5.5 Conclusion

In conclusion, our findings suggest that in a drug-naive context, where the underlying
disease mechanism in childhood absence epilepsy involves SCN2A or SCN8A mutations,
disease outcomes may be influenced by allopregnanolone-mediated recovery from spike-
wave discharge (SWD) states, contributing to eventual remission. Our model demonstrates
that this e↵ect can be modulated by increased frontocortical connectivity, which may
prevent the resolution of SWDs in certain SCN8A variants. This is particularly evident
in our model simulations when the mutation a↵ects inhibitory neurons in the cortex alone
and when the intensity of mutation e↵ects is su�ciently high. These results underscore
the complexity of the genetic landscape in CAE and highlight the challenge of translating
such findings into reliable predictive markers for remission. Our contribution—through the
development of a computational framework to model the e↵ects of mutations implicated in
CAE—represents a key step toward personalized therapeutic strategies, particularly if such
a framework can simulate disease trajectories based on patient-specific factors, including
underlying mutations. This could help predict outcomes like remission and guide treatment
decisions, leading to more personalized interventions.
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Figure 5.11: E↵ects of the Scn2a+/� mutation on network behaviour and response to
allopregnanolone. (A): Mutation scores across di↵erent target cell types and mutation
strengths up to 150%. Lower scores (red) indicate pathological activity, while higher scores
(blue) indicate deviations away from this pattern. (B): Occurrence of spike-wave discharge
(SWD) states, defined as network frequency between 2.5–5 Hz and maximal power within
the SWD-associated frequency range. (C1–C2): Comparison of mutation scores (C1) and
peak network frequency (C2) between Control (blue) and post-ALLO (orange) conditions
at varying mutation strengths during which the network exhibited a SWD state. (C3–C4):
Comparison of mutation scores (C3) and peak network frequency (C4) between networks
with frontocortical connectivity at baseline levels (orange) and increased levels (purple).
The orange bars are identical to those shown in (C1–C2) for comparison.
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Figure 5.12: E↵ects of the Scn8aV 929F mutation on network behaviour and response to
allopregnanolone. (A): Mutation scores across di↵erent target cell types and mutation
strengths up to 100%. Lower scores (red) indicate pathological activity, while higher scores
(blue) indicate deviations away from this pattern. (B): Occurrence of spike-wave discharge
(SWD) states, defined as network frequency between 2.5–5 Hz and maximal power within
the SWD-associated frequency range. SWD states were observed when the target popu-
lation included only LTS cells or both LTS and RE cells, at specific mutation strengths.
(C1–C2, D1–D2): Comparison of mutation scores (C1, D1) and peak network frequency
(C2, D2) between Control (blue) and post-ALLO (orange) conditions at varying mutation
strengths during which the network exhibited an SWD state—when the target population
consisted only of LTS cells (C1–C2) or both LTS and RE cells (D1–D2). (C3–C4, D3–D4):
Comparison of mutation scores (C3, D3) and peak network frequency (C4, D4) between
networks with frontocortical connectivity at baseline levels (orange) and increased levels
(purple) for each corresponding target population group. The orange bars are identical to
those shown in (C1–C2, D1–D2) for comparison.
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Figure 5.13: E↵ects of the Scn8amed�jo mutation on network behaviour and response
to allopregnanolone. (A): Mutation scores across di↵erent target cell types and mutation
strengths up to 100%. Lower scores (red) indicate pathological activity, while higher scores
(blue) indicate deviations away from this pattern. (B): Occurrence of spike-wave discharge
(SWD) states, defined as network frequency between 2.5–5 Hz and maximal power within
the SWD-associated frequency range. (C1–C2): Comparison of mutation scores (C1) and
peak network frequency (C2) between Control (blue) and post-ALLO (orange) conditions
at varying mutation strengths during which the network exhibited a SWD state. (C3–C4):
Comparison of mutation scores (C3) and peak network frequency (C4) between networks
with frontocortical connectivity at baseline levels (orange) and increased levels (purple).
The orange bars are identical to those shown in (C1–C2) for comparison.
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Figure 5.14: E↵ects of the Scn8amed mutation on network behaviour and response to
allopregnanolone. (A): Mutation scores across di↵erent target cell types and mutation
strengths up to 100%. Lower scores (red) indicate pathological activity, while higher scores
(blue) indicate deviations away from this pattern. (B): Occurrence of spike-wave discharge
(SWD) states, defined as network frequency between 2.5–5 Hz and maximal power within
the SWD-associated frequency range. (C1–C2): Comparison of mutation scores (C1) and
peak network frequency (C2) between Control (blue) and post-ALLO (orange) conditions
at varying mutation strengths during which the network exhibited a SWD state. (C3–C4):
Comparison of mutation scores (C3) and peak network frequency (C4) between networks
with frontocortical connectivity at baseline levels (orange) and increased levels (purple).
The orange bars are identical to those shown in (C1–C2) for comparison.
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Chapter 6

Conclusions

Childhood absence epilepsy (CAE) represents a complex, multifactorial disorder character-
ized by brief episodes of loss of consciousness and distinctive 2.5–5 Hz spike-wave discharges
(SWDs) on electroencephalography. One of the most intriguing aspects of CAE is its ten-
dency toward disease remission during adolescence, a phenomenon that coincides with the
onset of puberty. This temporal association suggests a potential role for sex hormones in
the disease trajectory—a hypothesis that formed the foundation of this thesis. This the-
sis investigated the complex interplay between hormonal influences, genetic factors, and
network connectivity in CAE, with particular emphasis on the mechanisms underlying
disease remission. Our computational modelling approach bridged multiple scales—from
molecular-level hormone e↵ects to network-level pathological activity associated with ab-
sence seizures—to provide insights into this poorly understood phenomenon.

To begin our investigation into remission mechanisms, we first utilized a well-established
computational model of the thalamocortical network exhibiting SWDs characteristic of
CAE. By incorporating mutations in genes encoding GABAa receptors (causing cortical
disinhibition) and low-threshold calcium channels, we successfully reproduced the patho-
logical network activity associated with absence seizures. Given the known e↵ects of al-
lopregnanolone (ALLO), a neurosteroid metabolite of progesterone, in enhancing GABAa
receptor-mediated inhibition, we modelled its impact on the network. Our results demon-
strated that ALLO has an ameliorating e↵ect on SWDs. Moreover, we observed that
region-specific ALLO e↵ects are consistent with the di↵erential role of GABA across the
thalamocortical network. These findings support the hypothesis that hormonal changes
during puberty may contribute to disease remission in CAE patients.

Despite this promising mechanism for remission, the clinical reality shows that not
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all patients experience remission despite undergoing pubertal hormonal changes, albeit
to di↵erent degrees. This observation led us to investigate potential resistance factors to
ALLO-mediated recovery. Drawing from literature suggesting pre-treatment connectivity
di↵erences between treatment responders and non-responders, we developed an enhanced
thalamocortical model to distinguish between frontal and parietal cortical contributions.
The development of this model presented significant challenges, including identifying ap-
propriate model fitting parameters to ensure a valid model fit was possible. Even when
network-level patterns appeared correct, abnormalities frequently emerged in individual
neuronal firing patterns. Thus, our model fitting process required a principled approach
with careful consideration of both the emergent network dynamics and the underlying neu-
ronal behaviours. Our enhanced thalamocortical network incorporated layer 5 cortical neu-
rons of the intrinsically bursting (IB) type to represent frontal cortical influence and regular
spiking (RS) type to represent parietal cortical influence. We found no significant di↵erence
in the ability to generate and maintain SWDs between networks dominated by either IB
or RS neurons, consistent with the concept of a cortical initiation network with di↵erent
possible initiation sites. ALLO-mediated recovery occurred in both network configurations
under baseline conditions. However, enhanced frontocortical connectivity—modelled by
strengthening reciprocal synapses from IB neurons to cortical layer 6 and within the IB
population—prevented ALLO-mediated recovery in networks with equal numbers of IB and
RS neurons. Interestingly, networks with greater parietal influence (i.e., more RS neurons)
maintained ALLO-mediated recovery even with enhanced frontocortical connectivity.

We extended our investigation to examine whether our findings applied to CAE caused
by di↵erent genetic mechanisms, particularly mutations in sodium channel genes (i.e.,
SCN2A and SCN8A). We modelled the e↵ects of these mutations at the individual neuron
level and examined the degree to which these alterations lead to network-level pathological
activity, as well as the influence of ALLO on these genetically distinct networks. Our results
demonstrated that ALLO facilitates recovery from SWDs regardless of the underlying
mutation type. However, enhanced frontocortical connectivity prevents ALLO-mediated
recovery in some mutation types, particularly when mutation e↵ects are severe.

The computational framework developed in this thesis provides several important in-
sights into CAE pathophysiology and remission. Our findings reinforce the complex, mul-
tifactorial nature of CAE remission, involving interactions between hormonal influences,
genetic mutations, and synaptic connectivity patterns. The results suggest that certain
genetic mutations may predispose individuals toward either remission or non-remission,
with this predisposition further modulated by individual connectivity profiles. In partic-
ular, enhanced frontocortical connectivity appears to be a significant factor in resistance
to hormone-mediated remission, which aligns with clinical observations of treatment non-
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responders. From a therapeutic perspective, our findings highlight the potential value of
considering both genetic profiles and connectivity patterns when formulating treatment
strategies for CAE patients. The di↵erential responses to ALLO based on network archi-
tecture suggest that personalized approaches may be necessary to optimize outcomes.

A notable limitation of our current work is the absence of antiepileptic drug e↵ects
in our models. Future research using this framework should incorporate pharmacological
interventions to evaluate their impact on the mechanistic pathways we have identified.
Additionally, this framework provides opportunities to investigate sex di↵erences in CAE,
particularly given the sexual dimorphism observed in generalized epilepsy disorders and the
known sex-related variation in GABA receptor subunit composition across brain regions
[105, 87, 62]. Beyond childhood absence epilepsy, our modelling approach has broader
applicability to neurological conditions characterized by spontaneous shifts in brain dy-
namics. The framework can be adapted to leverage patient electrophysiology data across
diverse neurological conditions, potentially incorporating patient-derived neuronal data to
enable the emergence of pathological activity where individual neurons exhibit “diseased”
behaviour [183, 152]. Ultimately, using such frameworks can be helpful in gaining in-
sight on new therapeutic targets for specific neuronal dysfunctions, advancing personalized
treatment approaches for epilepsy and related disorders.

In conclusion, this thesis presents a computational framework that bridges molecu-
lar, cellular, and network scales to investigate the mechanisms of remission in childhood
absence epilepsy. Our findings highlight the multifactorial nature of CAE and provide
insights into why some patients experience remission while others do not. By exploring
the relationship between hormonal influences, genetic factors, and network connectivity,
this work contributes to our understanding of disease remission in CAE, an aspect that
has previously been underexplored. Additionally, our computational approaches not only
advance our understanding of CAE specifically, but o↵er generalizable insights into the
mathematical modelling of neurological conditions characterized by spontaneous shifts in
brain dynamics.
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[109] M. H. P. Kole, A. U. Bräuer, and G. J. Stuart. Inherited cortical HCN1 channel loss
amplifies dendritic calcium electrogenesis and burst firing in a rat absence epilepsy
model. The Journal of Physiology, 578(2):507–525, 2007.

[110] G. K. Kostopoulos. Spike-and-wave discharges of absence seizures as a transformation
of sleep spindles: the continuing development of a hypothesis. Clinical Neurophysi-
ology, 111:S27–S38, 2000.

128



[111] E. Kudova. Rapid e↵ects of neurosteroids on neuronal plasticity and their physio-
logical and pathological implications. Neuroscience Letters, 750:135771, 2021.

[112] J. S. Kumar and P. Bhuvaneswari. Analysis of electroencephalography (EEG) signals
and its categorization–a study. Procedia Engineering, 38:2525–2536, 2012.

[113] P. Kwan and J. W. Sander. The natural history of epilepsy: an epidemiological view.
Journal of Neurology, Neurosurgery & Psychiatry, 75(10):1376–1381, 2004.

[114] J. J. Lambert, M. A. Cooper, R. D. J. Simmons, C. J. Weir, and D. Belelli. Neu-
rosteroids: endogenous allosteric modulators of GABAA receptors. Psychoneuroen-
docrinology, 34:S48–S58, 2009.

[115] K. M. Lenz and M. M. McCarthy. A starring role for microglia in brain sex di↵erences.
The Neuroscientist, 21(3):306–321, 2015.

[116] A. Leo, C. De Caro, V. Nesci, E. Palma, M. Tallarico, M. Iannone, A. Constanti,
G. De Sarro, E. Russo, and R. Citraro. Antiepileptogenic e↵ects of ethosuximide
and levetiracetam in WAG/Rij rats are only temporary. Pharmacological Reports,
71:833–838, 2019.

[117] I. B. Levitan and L. K. Kaczmarek. The Neuron: Cell and Molecular Biology. Oxford
University Press, USA, 2002.

[118] S. Li, J. Zhang, J. Li, Y. Hu, M. Zhang, and H. Wang. Optogenetics and chemo-
genetics: key tools for modulating neural circuits in rodent models of depression.
Frontiers in Neural Circuits, 19:1516839, 2025.

[119] Z. Liu, M. Vergnes, A. Depaulis, and C. Marescaux. Evidence for a critical role of
GABAergic transmission within the thalamus in the genesis and control of absence
seizures in the rat. Brain Research, 545(1-2):1–7, 1991.

[120] R. Llinás, F. J. Urbano, E. Leznik, R. R. Ramı́rez, and H. J. F. Van Marle. Rhythmic
and dysrhythmic thalamocortical dynamics: GABA systems and the edge e↵ect.
Trends in Neurosciences, 28(6):325–333, 2005.

[121] X. Lu, P. Lambert, A. Benz, C. F. Zorumski, and S. J. Mennerick. Allopregnanolone
e↵ects on inhibition in hippocampal parvalbumin interneurons. eNeuro, 10(3), 2023.

[122] A. Ludwig, T. Budde, J. Stieber, S. Moosmang, C. Wahl, K. Holtho↵, A. Langebar-
tels, C. Wotjak, T. Munsch, X. Zong, et al. Absence epilepsy and sinus dysrhythmia

129



in mice lacking the pacemaker channel HCN2. The EMBO Journal, 22(2):216–224,
2003.

[123] H. J. Luhmann, T. Mittmann, G. van Luijtelaar, and U. Heinemann. Impairment
of intracortical GABAergic inhibition in a rat model of absence epilepsy. Epilepsy
Research, 22(1):43–51, 1995.

[124] W. W. Lytton, A. Destexhe, and T. J. Sejnowski. Control of slow oscillations in the
thalamocortical neuron: a computer model. Neuroscience, 70(3):673–684, 1996.

[125] R. L. Macdonald, J. Q. Kang, and M. J. Gallagher. Mutations in GABAa receptor
subunits associated with genetic epilepsies. The Journal of Physiology, 588(11):1861–
1869, 2010.

[126] R. K. Maganti and P. Rutecki. EEG and epilepsy monitoring. CONTINUUM:
Lifelong Learning in Neurology, 19(3):598–622, 2013.

[127] M. D. Majewska, N. L. Harrison, R. D. Schwartz, J. L. Barker, and S. M. Paul.
Steroid hormone metabolites are barbiturate-like modulators of the GABA receptor.
Science, 232(4753):1004–1007, 1986.

[128] C. D. Makinson, B. S. Tanaka, J. M. Sorokin, J. C. Wong, C. A. Christian, A. L.
Goldin, A. Escayg, and J. R. Huguenard. Regulation of thalamic and cortical network
synchrony by SCN8A. Neuron, 93(5):1165–1179, 2017.

[129] A. Marin-Burgin, F. J. Eisenhart, S. M. Baca, W. B. Kristan, and K. A. French.
Sequential development of electrical and chemical synaptic connections generates a
specific behavioral circuit in the leech. Journal of Neuroscience, 25(10):2478–2489,
2005.

[130] C. Marini, L. A. Harkin, R. H. Wallace, J. C. Mulley, I. E. Sche↵er, and S. F.
Berkovic. Childhood absence epilepsy and febrile seizures: a family with a GABAa
receptor mutation. Brain, 126(1):230–240, 2003.

[131] H. Markram, M. Toledo-Rodriguez, Y. Wang, A. Gupta, G. Silberberg, and C. Wu.
Interneurons of the neocortical inhibitory system. Nature Reviews Neuroscience,
5(10):793–807, 2004.

[132] M. S. Martin, B. Tang, L. A. Papale, F. H. Yu, W. A. Catterall, and A. Escayg.
The voltage-gated sodium channel SCN8A is a genetic modifier of severe myoclonic
epilepsy of infancy. Human Molecular Genetics, 16(23):2892–2899, 2007.

130



[133] M. Martina and P. Jonas. Functional di↵erences in Na+ channel gating between
fast-spiking interneurones and principal neurones of rat hippocampus. The Journal
of Physiology, 505(Pt 3):593, 1997.

[134] A. Mason and A. Larkman. Correlations between morphology and electrophysiology
of pyramidal neurons in slices of rat visual cortex. II. Electrophysiology. Journal of
Neuroscience, 10(5):1415–1428, 1990.

[135] R. A. J. Masterton, P. W. Carney, D. F. Abbott, and G. D. Jackson. Absence
epilepsy subnetworks revealed by event-related independent components analysis of
functional magnetic resonance imaging. Epilepsia, 54(5):801–808, 2013.

[136] S. Matricardi, A. Verrotti, F. Chiarelli, C. Cerminara, and P. Curatolo. Current
advances in childhood absence epilepsy. Pediatric Neurology, 50(3):205–212, 2014.

[137] D. A. McCormick, B. W. Connors, J. W. Lighthall, and D. A. Prince. Comparative
electrophysiology of pyramidal and sparsely spiny stellate neurons of the neocortex.
Journal of Neurophysiology, 54(4):782–806, 1985.

[138] D. A. McCormick and J. R. Huguenard. A model of the electrophysiological proper-
ties of thalamocortical relay neurons. Journal of Neurophysiology, 68(4):1384–1400,
1992.

[139] D. A. McCormick, Z. Wang, and J. Huguenard. Neurotransmitter control of neocor-
tical neuronal activity and excitability. Cerebral Cortex, 3(5):387–398, 1993.

[140] H. Meeren, G. van Luijtelaar, F. L. da Silva, and A. Coenen. Evolving concepts
on the pathophysiology of absence seizures: the cortical focus theory. Archives of
Neurology, 62(3):371–376, 2005.

[141] H. K. M. Meeren, J. P. M. Pijn, E. L. J. M. van Luijtelaar, A. M. L. Coenen, and
F. H. L. da Silva. Cortical focus drives widespread corticothalamic networks during
spontaneous absence seizures in rats. Journal of Neuroscience, 22(4):1480–1495,
2002.

[142] S. Meltzer-Brody and S. J. Kanes. Allopregnanolone in postpartum depression: Role
in pathophysiology and treatment. Neurobiology of Stress, 12:100212, 2020.

[143] V. Michopoulos, M. Embree, K. Reding, M. M. Sanchez, D. Toufexis, J. R. Votaw,
R. J. Voll, M. M. Goodman, J. Rivier, M. E. Wilson, et al. CRH receptor antagonism
reverses the e↵ect of social subordination upon central GABAA receptor binding in

131



estradiol-treated ovariectomized female rhesus monkeys. Neuroscience, 250:300–308,
2013.

[144] T. A. Milligan. Epilepsy: a clinical overview. The American Journal of Medicine,
134(7):840–847, 2021.

[145] A. S. Mitchell, N. Leresche, and V. Crunelli. Corticothalamic network abnormal-
ities underlying absence seizures. In The Cerebral Cortex and Thalamus. Oxford
University Press, 12 2023.

[146] R. Moraga-Amaro, A. Van Waarde, J. Doorduin, and E. F. J. De Vries. Sex steroid
hormones and brain function: PET imaging as a tool for research. Journal of Neu-
roendocrinology, 30(2):e12565, 2018.

[147] C. Morris and H. Lecar. Voltage oscillations in the barnacle giant muscle fiber.
Biophysical Journal, 35(1):193–213, 1981.

[148] E. Morse, K. Giblin, M. H. Chung, C. Dohle, A. T. Berg, and H. Blumenfeld. Histori-
cal trend toward improved long-term outcome in childhood absence epilepsy. Epilepsy
Research, 152:7–10, 2019.
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Appendix A

Appendix for Chapter 3

A.1 Model components

All of the neurons were described using a single compartment representing the soma. The
soma was modelled as a cylinder with a surface area of ⇡dl, where d is the diameter and l is
the length. The diameter was 96 µm for all PY and TC neurons, 67 µm for all IN neurons,
and 70 µm for all RE neurons. The length was 96 µm for all PY and TC neurons, 67 µm
for all IN neurons, and 64.86 µm for all RE neurons. The axial resistance, Ra was equal
to 100 ⌦cm for all neurons. The membrane conductance density distributions as well as
the type of current di↵ered between neuron type. Ionic currents were described with the
general form given by the following equation:

Iion = ḡion ·mN · hM · (V � Veq) (A.1)

where ḡion represents the maximal conductance for a particular ion channel, m and h are
gating variables, N and M are integer powers, and Veq represents the equilbirium potential.
The dynamics of the gating variables were described by the following general form:

dx

dt
=

x1 � x

⌧x
(A.2)

x1 =
↵x

↵x + �x

and ⌧x =
1

↵x + �x

(A.3)

where x1 is the steady-state gating variable function, ⌧x represents the time course for
approaching the steady state, ↵x and �x represent the forward and backward rate functions.

The incorporated Na+, K+, and Ca2+ currents included in the model are summarized
in Table A.1.

140



Current Current Description

ILeak leak current
INa fast Na+ current
IK fast K+ current
IM slow voltage-dependent K+ current
IT low-threshold Ca2+ current
IKLeak leak K+ current
Ih slowly non-inactivating mixed Na+/K+ current

Table A.1: Description of the currents used for all neuron types.

A.1.1 Summary of currents

ILeak

The leak current for all neuron types was described as a simple ohmic current:

ILeak = gLeak · (V � VLeak) (A.4)

where gLeak is the constant conductance and VLeak, the equilibrium potential, was assumed
to be -70 mV for neurons of the PY, IN, and TC type, and -90 mV for neurons of the RE
type.

INa

The fast Na+ current was described using a Hodgkin-Huxley style equation

INa = gNa ·m3
Na

· hNa · (V � VNa) (A.5)

where VNa is the equilibrium potential for sodium equal to 50 mV for all neurons, gNa is the
maximal conductance, mNa is the activation variable, and hNa is the inactivation variable.
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The kinetics for this current were based on dynamics described in Traub and Miles [194]:

↵mNa
=

0.32 · (�V � 50)

exp(�V�50
4 )� 1

(A.6)

�mNa
=

0.28 · (V + 23)

exp(V+23
5 )� 1

(A.7)

↵hNa
= 0.128 · exp (�V � 46

18
) (A.8)

�hNa
=

4

1 + exp (�V�23
5 )

(A.9)

IK

The fast K+ current was described using the following equation:

IK = gK · n4
K
· (V � VK) (A.10)

where VK is the equilibrium potential for potassium equal to -100 mV for all neurons, gK is
the maximal conductance, and nK is the inactivation variable. All functions corresponding
to the gating variable was based on dynamics described in Traub and Miles [194]:

↵nK
=

0.032 · (�V � 48)

exp(�V�48
5 )� 1

(A.11)

�nK
= 0.5 · exp (�V � 53

40
) (A.12)

IM

The non-inactivating, slow voltage-dependent K+ current was described using kinetics
presented by McCormick et al. [139]:

IM = gM ·mM · (V � VK) (A.13)

where gM is the maximal conductance, and mM is the activation variable. The steady state
activation function and decay time constant were described by the following:

mM1 =
1

1 + exp (�V�35
10 )

(A.14)

⌧mM
=

1000

3.3 · (exp (V+35
20 ) + exp (�V�35

20 ))
(A.15)
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IT

The low-threshold Ca2+ current was modelled using the following equation:

IIT = gIT ·m2
IT

· hIT · (V � VCa) (A.16)

where VCa is the equilibrium potential for calcium given by the intracellular calcium dy-
namics described in Section A.1.2, gIT is the maximal conductance, mIT and hIT are the
activation and inactivation gating variables, respectively. The dynamics were described
di↵erently for each thalamic neuron. The subscript IT corresponds to dynamics for TC
neurons while the subscript ITs corresponds to dynamics for RE neurons.

All functions corresponding to the gating variables for RE neurons were as described
by Destexhe et al. [50]. The gating variable dynamics given here correspond to network
behaviour exhibiting spindle oscillations:

mITs1 =
1

1 + exp (�V�50
7.4 )

(A.17)

⌧mITs
=

3 + 1
exp (V +25

10 )+exp (�V �100
15 )

2.51.2
(A.18)

hITs1 =
1

1 + exp (V+78
5 )

(A.19)

⌧hITs
=

85 + 1
exp (V +48

4 )+exp (�V �407
50 )

2.51.2
(A.20)

For TC neurons, activation mIT was taken to be at steady-state equal to mIT1. The
steady-state activation and inactivation functions were based on the description by Hugue-
nard and McCormick [88], and the inactivation time constant was as described by Destexhe
et al. [48]:

mIT1 =
1

1 + exp (�V�57
6.2 )

(A.21)

hIT1 =
1

1 + exp (V+81
4 )

(A.22)

⌧hIT
=

30.8 +
211.4+exp (V +113.2

5 )

1+exp (V +84
3.2 )

31.2
(A.23)
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IKLeak

The leak K+ current was described by the following Ohmic equation:

IKLeak = gKLeak · (V � VK) (A.24)

where gKLeak is the maximal conductance.

Ih

The mixed Na+/K+ cation current was modelled by the following equation:

Ih = gh ·mh · (V � Vh) (A.25)

where Vh is the equilibrium potential for this mixed cation current equal to -40 mV, gh
is the maximal conductance, and mh is the activation variable dependent on both voltage
and intracellular Ca2+ concentration.

The dependence of activation on voltage was based on the description by Huguenard
and McCormick [88]:

mh1 =
1

1 + exp (V+75
5.5 )

(A.26)

⌧mh
= 20 +

1000

exp (V+71.5
14.2 ) + exp (�V�89

11.6 )
(A.27)

The dependence of activation on intracellular Ca2+ was based on the kinetic scheme
described by Destexhe et al. [48]:

C
↵(V )
⌦
�(V )

O (A.28)

P0 + 2Ca2+
i

k1⌦
k2

P1 (A.29)

O + P1
k3⌦
k4

OL (A.30)

where voltage-dependent transitions between closed (C) and open (O) forms occur with
rates described by ↵(V ) and �(V ), and intracellular Ca2+ ions bind to a regulating factor
given by P0 (unbound) and P1 (bound) with rates of k1 = 2.5 ⇥ 107 mM�4ms�1 and
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k2 = 4⇥10�4 ms�1. The dynamics of Ca2+ ions is described in Section A.1.2. Furthermore,
the open form of the channel binds with the calcium-bound regulator P1 to form OL with
rates k3 = 0.1 ms�1 and k4 = 0.001 ms�1.

In particular, the activation is dependent on the relative concentration of open channels
given by the following equation:

mh = [O] + 2 · [OL] (A.31)

The voltage-dependent transition rates between closed and open forms are described
by:

↵(V ) =
mh1

⌧mh

(A.32)

�(V ) =
1�mh1

⌧mh

(A.33)

A.1.2 Calcium dynamics

Intracellular calcium dynamics were based on the model described by Destexhe et al.
[47]. A simple proportional model of Ca2+ di↵usion was used with the change in calcium
concentration described by:

d[Ca2+]i
dt

= � k

2Fd
· IT +

[Ca2+]i1 � [Ca2+]i
⌧r

(A.34)

where [Ca2+]i is measured in mM, F = 96489 Cmol�1 is Faraday’s constant, d = 1µm
denotes the depth at which calcium concentration was calculated beneath the membrane,
k = 10�4 is a dimensionless unit conversion factor, IT is the calcium current measured in
mAcm2, [Ca2+]i1 = 2.4⇥ 10�4 mM is the steady state calcium concentration, and ⌧r = 5
ms is the decay time constant.

Equilibrium Potential for Ca2+

The equilibrium potential for calcium, VCa was calculated according to the Nernst relation:

VCa = k0RT

2F
log

[Ca2+]o
[Ca2+]i

(A.35)

where R = 8.31 J mol�1K�1, T = 309.15�K, F = 96489 Cmol�1 is Faraday’s constant,
[Ca2+]o and [Ca2+]i denote extracellular and intracellular calcium concentrations respec-
tively, and k0 = 1000 is a unit conversation factor for VCa in mV.
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A.1.3 Synaptic dynamics

Synaptic currents were modelled in a manner similar to ionic currents as given by the
following equation:

Isyn = ḡsyn · s(t) · (Vm � Esyn) (A.36)

where ḡsyn is the maximal synaptic conductance, s(t) is the synaptic conductance function
and Esyn is the reversal potential of the synapse. The time-dependent conductance s(t) can
be modelled in several ways depending on the type of neurotransmitter-mediated synapse,
as described below [52].

AMPA/GABAa-mediated synapse modelling

In the formalism by Destexhe et al. [51][52], postsynaptic currents mediated by glutamate
AMPA and GABAergic GABAa receptors are modelled using a gating variable s(t) which
denotes the fraction of open synaptic channels at time t. Open synaptic channels refer to
postsynaptic receptors that neurotransmitter molecules bind to, followed by the opening
of ion channels. In this way, the synaptic conductance function is described by:

ds

dt
= ↵[T ](1� s)� �s (A.37)

where [T ] represents the neurotransmitter concentration released into the synaptic cleft
upon the arrival of a presynaptic spike, and ↵ and � are rate constants describing the
binding of neurotransmitter.

Upon the arrival of a presynaptic spike at t = t0, [T ] jumps to a maximal concentration
value Cmax, and at t = Tdur (the duration of neurotransmitter-mediated pulse), [T ] falls
back to 0. After the neurotransmitter-mediated pulse is gone, s(t) decays exponentially.
Thus, solving Equation (A.37), we get:

s(t) =

8
><

>:

s1 + (s(0)� s1)e�
t

⌧s , 0  t < Tdur⇥
s1 + (s(0)� s1)e�

Tdur

⌧s

⇤
e��(t�Tdur),

t � Tdur

(A.38)

where

s1 =
↵Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(A.39)
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For AMPA-mediated synapses, Esyn = 0 mV, Cmax = 0.5 mM, Tdur = 0.3 ms, ↵ = 0.94
(ms mM)�1, � = 0.18 ms�1. For GABAa-mediated synapses, Esyn = �85 mV, Cmax = 0.5
mM, TdurControl

= 0.3 ms, TdurPost�ALLO
= 0.75 ms, ↵Control = 20 (ms mM)�1, ↵Post�ALLO =

22.87 (ms mM)�1, �Control = 0.162 ms�1 and �Post�ALLO = 0.095 ms�1.

GABAb-mediated synapse modelling

The dynamics of GABAb-mediated synapses followed the formalism by Destexhe et al.
[?]. GABAb-mediated synapses active indirectly, following a series of intracellular events.
In particular, the neurotransmitter binding event activates an intracellular complex called
a G-protein which activates potassium channels ultimately hyperpolarizing and causing
inhibition of the postsynaptic neuron. In this way, the synaptic conductance function is
described by:

s(t) =
g4

g4 +Kd

(A.40)

dr

dt
= K1[T ](1� r)�K2r (A.41)

dg

dt
= K3r �K4g (A.42)

where r is the fraction of GABAb receptors in the activated form, g is the normalized
G-protein concentration in activated form given in µM, Kd = 100 µM4 is the dissociation
constant of G-protein binding on potassium channels, K1 = 0.09 (ms mM)�1 is the forward
binding rate to the receptor, K2 = 0.0012 ms�1 is the unbinding rate, K3 = 0.18 ms�1

is the rate of G-protein production, K4 = 0.034 ms�1 is the rate of G-protein decay, and
Esyn = �95 mV.

A.2 Model parameters

The maximal conductance parameters for each ionic current is given in Table A.2.

All excitatory synapses were mediated by AMPA receptors, while inhibitory synapses
were mediated by either GABAa alone, or a mixture of GABAa and GABAb receptors.
The conductance parameters used to produce a default network state exhibiting spindle
oscillations is given in Table A.3.
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gion PY IN TC RE

gLeak 0.1 0.15 0.01 0.05
gNa 50 50 90 200
gK 5 10 10 20
gM 0.07 - - -
gIT - - 2 -
gITs - - - 3
gKLeak - - 4 -
gh - - 0.02 -

Table A.2: Maximal conductance parameters (in mS/cm2) for each neuron type.

Post-synaptic neuron type

Pre-synaptic PY IN TC RE
neuron type

PY 0.6 0.2 0.01 1.2
IN 0.15 (GABAa) - - -

0.03 (GABAb)
TC 1.2 0.4 - 0.2
RE - - 0.02 (GABAa) 0.2 (GABAa)

0.04 (GABAb)

Table A.3: Maximal synaptic conductance parameters (in µS) for each synapse type to
produce a default network state exhibiting spindle oscillations.
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Appendix B

Appendix for Chapter 4

B.1 Model components

All of the neurons were described using a single compartment representing the soma. The
soma was modelled as a cylinder with a surface area of ⇡dl, where d is the diameter and l
is the length. The diameter was 18 µm for both IB and RS neurons, 16 µm for NRS and
LTS neurons, 96 µm for TC neurons, and 70 µm for all RE neurons. The length was 25
µm for both IB and RS cells, 20 µm for NRS and LTS cells, 96 µm for TC cells, and 64.86
µm for RE neurons. The axial resistance, Ra was equal to 250 ⌦cm for all cortical cells
and 100 ⌦cm for both thalamic neurons. The membrane conductance density distributions
as well as the type of current di↵ered between neuron type. Ionic currents were described
with the general form given by the following equation:

Iion = ḡion ·mN · hM · (V � Veq) (B.1)

where ḡion represents the maximal conductance for a particular ion channel, m and h are
gating variables, N and M are integer powers, and Veq represents the equilibrium potential.
The dynamics of the gating variables were described by one of two general forms: rise and
decay rate functions, or a Boltzmann function combined with a voltage-dependent time
constant function.

Using rise and decay rate functions, the dynamics were described by the following form:

dx

dt
=

x1 � x

⌧x
(B.2)

x1 =
↵x

↵x + �x

and ⌧x =
1

↵x + �x

(B.3)
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where x1 is the steady-state gating variable function, ⌧x represents the time course for
approaching the steady state, ↵x and �x represent the forward and backward rate functions.

Alternatively, the gating variable dynamics were described by the following Boltzmann
function:

x1 =
1

1 + exp(
V1/2�V

k
)

(B.4)

where x1 is the steady-state gating variable function, V is the membrane potential, V1/2

is the voltage at half-activation, and k is the slope factor representing the steepness of the
voltage-dependent transition between closed and open states of the channel. The voltage-
dependent time constant function (⌧x) describes how quickly the gating variable approaches
steady state and its form varies according to the channel type.

The incorporated Na+, K+, and Ca2+ currents included in the model are summarized
in Table B.1.

Current Current Description

INaf fast and transient inactivating Na+ current
INap persistent Na+ current
IK fast K+ current
IKdr delayed rectifier K+ current
IKa transient inactivating K+ current
IK2 slowly activating and inactivating K+ current
IKm muscarinic receptor-suppressed K+ current
IKc fast voltage and Ca2+-dependent K+ current
IKahp slow Ca2+-dependent K+ current
ICaT low-threshold Ca2+ current
ICaL high-threshold Ca2+ current
Ih slowly non-inactivated mixed Na+/K+ current
ILeak leak current
IKLeak leak K+ current

Table B.1: Description of the currents used for all neuron types.

The equilibrium potentials were defined as follows: VNa = 50 mV (all cells), VK = �100
mV (for LTS, TC, RE) and -95 mV (for RS, IB, NRS), Vh = �40 mV (for LTS, TC, RE)
and -43 mV (for RS, IB, NRS), VLeak = �70 mV (for RS, IB, NRS, TC), -65 mV for LTS
and -90 mV for RE neurons, VCa was given by intracellular calcium dynamics described in
Section B.1.2.
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B.1.1 Summary of currents

ILeak

The leak current for all neuron types was described as a simple ohmic current:

ILeak = gLeak · (V � VLeak) (B.5)

where gLeak is the constant conductance.

IKLeak

The leak K+ current in TC neurons was described by the following Ohmic equation:

IKLeak = gKLeak · (V � VK) (B.6)

where gKLeak is the maximal conductance.

INaf

The fast Na+ current was described using a Hodgkin-Huxley style equation:

INaf = gNaf ·m3
Naf

· hNaf · (V � VNa) (B.7)

where gNaf is the maximal conductance, mNaf is the activation variable, and hNaf is the
inactivation variable.

In neurons of the RS, IB and NRS type, kinetics were based on dynamics described in
Traub et al. [192]:

mNaf1 =
1

1 + exp (�V�38
10 )

(B.8)

⌧mNaf
=

(
0.025 + 0.14 · exp (V+30

10 ), V  �30mV

0.02 + 0.145 · exp (�V�30
10 ), V > �30mV

(B.9)

hNaf1 =
1

1 + exp (V+62.9
10.7 )

(B.10)

⌧hNaf
= 0.15 +

1.15

1 + exp (V+37
15 )

(B.11)
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In LTS neurons, the steady state activation function, mNaf1, was the same as described
above for other cortical neurons, while the remaining kinetics were based on dynamics
described in Martina and Jonas [133]:

⌧mNaf
=

(
0.0125 + 0.1525 · exp (V+30

10 ), V  �30mV

0.02 + 0.145 · exp (�V�30
10 ), V > �30mV

(B.12)

hNaf1 =
1

1 + exp (V+58.3
6.7 )

(B.13)

⌧hNaf
= 0.225 +

1.125

1 + exp (V+37
15 )

(B.14)

In TC and RE neurons, the kinetics for this current were based on dynamics described
in Traub and Miles [194]:

↵mNaf
=

0.32 · (�V � 50)

exp(�V�50
4 )� 1

(B.15)

�mNaf
=

0.28 · (V + 23)

exp(V+23
5 )� 1

(B.16)

↵hNaf
= 0.128 · exp (�V � 46

18
) (B.17)

�hNaf
=

4

1 + exp (�V�23
5 )

(B.18)

INap

The persistent, depolarization-activated Na+ current was described using kinetics pre-
sented by Traub et al. [191]:

INap = gNap ·mNap · (V � VNa) (B.19)

where gNap is the maximal conductance, andmNap is the activation variable. For all cortical
neurons, the steady state activation function and decay time constant were described by
the following:

mNap1 =
1

1 + exp (�V�48
10 )

(B.20)

⌧mNap
=

(
0.025 + 0.14 · exp (V+40

10 ), V  �40mV

0.02 + 0.145 · exp (�V�40
10 ), V > �40mV

(B.21)
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IK

The fast K+ current in both thalamic cells was described using the following equation:

IK = gK · n4
K
· (V � VK) (B.22)

where gK is the maximal conductance, nK is the inactivation variable. All functions were
based on dynamics described in Traub et al. [194]:

↵nK
=

0.032 · (�V � 48)

exp(�V�48
5 )� 1

(B.23)

�nK
= 0.5 · exp (�V � 53

40
) (B.24)

IKdr

The delayed rectifier K+ current was described using kinetics presented by Traub et al.
[191]:

IKdr = gKdr ·m4
Kdr

· (V � VK) (B.25)

where gKdr is the maximal conductance and mKdr is the activation variable.

In neurons of the RS, IB and NRS type, the steady state activation function was
described by the following:

mKdr1 =
1

1 + exp (�V�29.5
10 )

(B.26)

In LTS neurons, the steady activation function was defined as:

mKdr1 =
1

1 + exp (�V�27
11.5 )

(B.27)

The time constant for all cortical neurons was described by the following:

⌧mKdr
=

(
0.25 + 4.35 · exp (V+10

10 ), V  �10mV

0.25 + 4.35 · exp (�V�10
10 ), V > �10mV

(B.28)
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IKa

The transient inactivating K+ current was modelled in all cortical cells using the following
equation:

IKa = gKa ·m4
Ka

· hKa · (V � VK) (B.29)

where gKa is the maximal conductance, and mKa and hKa are the activation and inactiva-
tion variables, respectively. The kinetics were based on dynamics described by Huguenard
and McCormick [88]:

mKa1 =
1

1 + exp (�V�60
8.5 )

(B.30)

⌧mKa
= 0.185 +

0.5

exp (V+35.8
19.7 ) + exp (�V�79.7

12.7 )
(B.31)

hKa1 =
1

1 + exp (V+78
6 )

(B.32)

⌧mNaf
=

(
0.5

exp (V +46
5 )+exp (�V �238

37.5 )
, V  �63mV

9.5, V > �63mV
(B.33)

IK2

The slowly activating and inactivating K+ current equations followed Huguenard and
McCormick [88] and McCormick and Huguenard [138]:

IK2 = gK2 ·mK2 · hK2 · (V � VK) (B.34)

where gK2 is the maximal conductance, and mK2 and hK2 are the activation and inacti-
vation variables, respectively. The kinetics for all cortical neurons were described by the
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following equations:

mK21 =
1

1 + exp (�V�10
17 )

(B.35)

⌧mK2 = 4.95 +
0.5

exp (V�81
25.6 ) + exp (�V�132

18 )
(B.36)

hK21 =
1

1 + exp (V+58
10.6 )

(B.37)

⌧hK2 = 60 +
0.5

exp (V�1.33
200 ) + exp (�V�130

7.1 )
(B.38)

(B.39)

IKm

The non-inactivating, slow voltage-dependent K+ current was modelled using the following
equation:

IKm = gKm ·mKm · (V � VK) (B.40)

where gKm is the maximal conductance, and mKm is the activation variable.

In all cortical neurons, kinetics were based on dynamics presented by Traub et al. [191]:

↵mKm
=

0.02

1 + exp (�V�20
5 )

(B.41)

�mKm
= 0.5 · exp (�V � 43

18
) (B.42)

In TC and RE neurons, the kinetics were based on dynamics described in McCormick
et al. [139]:

mKm1 =
1

1 + exp (�V�35
10 )

(B.43)

⌧mKm
=

1000

3.3 · (exp (V+35
20 ) + exp (�V�35

20 ))
(B.44)
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IKc

The fast voltage and Ca2+-dependent K+ current was modelled using the equation pre-
sented by Traub et al. [193]:

IKc = gKc ·mKc ·min(0.004[Ca2+]i, 1) · (V � VK) (B.45)

where gKc is the maximal conductance,mKc is the activation variable, and [Ca2+]i dynamics
are governed by dynamics described in B.1.2.

The forward and backward rate functions for all neurons of the RS, IB, and NRS type
were based on kinetics described in Traub et al. [191]:

↵mKc
=

(
0.053 · exp (V+50

11 � V+53.5
27 ), V  �10mV

2 · exp (�V�53.5
27 ), V > �10mV

(B.46)

�mKc
=

(
2 · exp (�V�53.5

27 )� ↵mKc
, V  �10mV

0, V > �10mV
(B.47)

For LTS neurons, the forward and backward rate functions as described above were
multiplied by a factor of 2.

IKahp

The slow Ca2+-dependent K+ current responsible for afterhypolarization, was described
using kinetics presented by Traub et al. [193]:

IKahp = gKahp ·mKahp · (V � VK) (B.48)

where gKahp is the maximal conductance, andmKahp is the activation variable. The forward
rate function for all cortical neurons was dependent on the intracellular calcium dynamics
described in Section B.1.2:

↵mKahp
= min(0.0001[Ca2+]i, 0.01) (B.49)

�mKahp
= 0.01 (B.50)
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ICaT

The low-threshold Ca2+ current was modelled using the following equation:

ICaT = gCaT ·m2
CaT

· hCaT · (V � VCa) (B.51)

where gCaT is the maximal conductance, mCaT and hCaT are the activation and inactivation
gating variables, respectively. The dynamics were described di↵erently for each thalamic
neuron, as well as within the cortical cells.

For cortical neurons of the RS, IB, and NRS type, the kinetics were based on descrip-
tions by Traub et al. [191]:

mCaT1 =
1

1 + exp (�V�56
6.2 )

(B.52)

⌧mCaT
= 0.204 +

0.333

exp (�V�131
16.7 ) + exp (V+15.8

18.2 )
(B.53)

hCaT1 =
1

1 + exp (804 )
(B.54)

⌧hCaT
=

(
0.333 · exp (V+466

66.6 ), V  �81mV

9.32 + 0.333 · exp (�V�21
10.5 ), V > �81mV

(B.55)

For the LTS interneuron, kinetics were based on descriptions by Destexhe et al. [50]:

mCaT1 =
1

1 + exp (�V�52
7.4 )

(B.56)

⌧mCaT
= 1 +

0.333

exp (V+27
10 ) + exp (�V�102

15 )
(B.57)

hCaT1 =
1

1 + exp (V+80
5 )

(B.58)

⌧hCaT
= 28.3 +

0.33

exp (V+48
4 ) + exp (�V�407

50 )
(B.59)

For RE neurons, kinetics were slightly modified from the description for LTS cells, as
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given by Traub et al. [192]:

mCaT1 =
1

1 + exp (�V�50
7.4 )

(B.60)

⌧mCaT
=

3 + 1
exp (V +25

10 )+exp (�V �100
15 )

2.51.2
(B.61)

hCaT1 =
1

1 + exp (V+78
5 )

(B.62)

⌧hCaT
=

85 + 1
exp (V +48

4 )+exp (�V �407
50 )

2.51.2
(B.63)

For TC neurons, activation mCaT was taken to be at steady-state equal to mCaT1,
and all steady-state activation and inactivation functions were based on the description by
Huguenard and McCormick [88], and the inactivation time constant was as described by
Destexhe et al. [48]:

mCaT1 =
1

1 + exp (�V�57
6.2 )

(B.64)

hCaT1 =
1

1 + exp (V+81
4 )

(B.65)

⌧hCaT
=

30.8 +
211.4+exp (V +113.2

5 )

1+exp (V +84
3.2 )

31.2
(B.66)

ICaL

The high-threshold Ca2+ current was modelled using the following equation:

ICaL = gCaL ·m2
CaL

· (V � VCa) (B.67)

where gCaL is the maximal conductance, and mCaL is the activation variable. The forward
and backward rate function for all cortical neurons were as described by Traub et al. [191]:

↵mCaL
=

1.6

1 + exp (�0.072 · (V � 5))
(B.68)

�mCaL
= 0.1 ·

V+8.9
5

exp (V+8.9
5 )� 1

(B.69)
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Ih

The mixed Na+/K+ cation current was modelled di↵erently for cortical cells and the TC
cell. For all cortical cells, this was modelled using the following equation:

Ih = gh ·mh · (V � Vh) (B.70)

where gh is the maximal conductance, and mh is the voltage-dependent activation variable,
based on the description by Huguenard and McCormick [88]:

mh1 =
1

1 + exp (V+75
5.5 )

(B.71)

⌧mh
=

1

exp (�14.59� 0.086 · V ) + exp (�1.87 + 0.0701 · V )
(B.72)

For TC cells, in addition to being voltage-dependent, the current dynamics were also
dependent on intracellular Ca2+ concentration:

Ih = gh · ([O] + 2 · [OL]) · (V � Vh) (B.73)

where gh is the maximal conductance, and the activation variable, mh, is replaced by a
weighted sum of channels in the open form and calcium-bound open form, based on the
kinetic scheme described by Destexhe et al. [48]:

C
↵(V )
⌦
�(V )

O (B.74)

P0 + 2Ca2+
i

k1⌦
k2

P1 (B.75)

O + P1
k3⌦
k4

OL (B.76)

where voltage-dependent transitions between closed (C) and open (O) forms occur with
rates described by ↵(V ) and �(V ), and intracellular Ca2+ ions bind to a regulating factor
given by P0 (unbound) and P1 (bound) with rates of k1 = 2.5 ⇥ 107 mM�4ms�1 and
k2 = 4⇥10�4 ms�1. The dynamics of Ca2+ ions is described in Section B.1.2. Furthermore,
the open form of the channel binds with the calcium-bound regulator P1 to form OL with
rates k3 = 0.1 ms�1 and k4 = 0.001 ms�1.
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The voltage-dependent transition rates between closed and open forms are described
by:

↵(V ) =
mh1

⌧mh

(B.77)

�(V ) =
1�mh1

⌧mh

(B.78)

where

mh1 =
1

1 + exp (V+75
5.5 )

(B.79)

⌧mh
= 20 +

1000

exp (�V�89
11.6 ) + exp (V+71.5

14.2 )
(B.80)

B.1.2 Calcium dynamics

Intracellular calcium dynamics were based on the model described by Destexhe et al.
[47]. A simple proportional model of Ca2+ di↵usion was used with the change in calcium
concentration described by:

d[Ca2+]i
dt

= � k

2Fd
· IT +

[Ca2+]i1 � [Ca2+]i
⌧r

(B.81)

where [Ca2+]i is measured in mM, F = 96489 Cmol�1 is Faraday’s constant, d denotes the
depth at which calcium concentration was calculated beneath the membrane, k = 10�4

is a dimensionless unit conversion factor, IT is the calcium current measured in mA/cm2,
[Ca2+]i1 = 2.4 ⇥ 10�4 mM is the steady state calcium concentration, and ⌧r is the decay
time constant. The depth at which the calcium concentration was calculated was 12 ⇥
10�3µm for the IB and RS neuron, 4 ⇥ 10�3µm for the NRS neuron, 2 ⇥ 10�4µm for the
LTS neuron, and 1µm for both the TC and RE neurons. The decay time constants were
100ms for cortical cells of the IB, RS, and NRS type, 50 ms for the LTS type, and 5 ms
for both TC and RE cells.

Equilibrium potential for Ca2+

The equilibrium potential for calcium, VCa was calculated according to the Nernst relation
described in [47]:

VCa = k0RT

2F
log

[Ca2+]o
[Ca2+]i

(B.82)
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where R = 8.31 J mol�1K�1, T = 309.15�K, F = 96489 Cmol�1 is Faraday’s constant,
[Ca2+]o and [Ca2+]i denote extracellular and intracellular calcium concentrations respec-
tively, and k0 = 1000 is a unit conversation factor for VCa in mV.

B.1.3 Synaptic dynamics

Synaptic currents were modelled in a manner similar to ionic currents as given by the
following equation:

Isyn = ḡsyn · s(t) · (Vm � Esyn) (B.83)

where ḡsyn is the maximal synaptic conductance, s(t) is the synaptic conductance function
and Esyn is the reversal potential of the synapse. The time-dependent conductance s(t) can
be modelled in several ways depending on the type of neurotransmitter-mediated synapse,
as described below [52].

AMPA/GABAa-mediated synapse modelling

In the formalism by Destexhe et al. [51, 52], postsynaptic currents mediated by glutamate
AMPA and GABAergic GABAa receptors are modelled using a gating variable s(t) which
denotes the fraction of open synaptic channels at time t. Open synaptic channels refer to
postsynaptic receptors that neurotransmitter molecules bind to, followed by the opening
of ion channels. In this way, the synaptic conductance function is described by:

ds

dt
= ↵[T ](1� s)� �s (B.84)

where [T ] represents the neurotransmitter concentration released into the synaptic cleft
upon the arrival of a presynaptic spike, and ↵ and � are rate constants describing the
binding of neurotransmitter.

Upon the arrival of a presynaptic spike at t = t0, [T ] jumps to a maximal concentration
value Cmax, and at t = Cdur (the duration of neurotransmitter-mediated pulse), [T ] falls
back to 0. After the neurotransmitter-mediated pulse is gone, s(t) decays exponentially.
Thus, solving Equation (B.84), we get:

s(t) =

8
><

>:

s1 + (s(t0)� s1)e�
t

⌧s , t0  t < Cdur⇥
s1 + (s(t0)� s1)e�

Cdur

⌧s

⇤
e��(t�Cdur),

t � Cdur

(B.85)
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where

s1 =
↵Cmax

↵Cmax + �
and ⌧s =

1

↵Cmax + �
(B.86)

For AMPA-mediated synapses, Esyn = 0 mV, Cmax = 0.5 mM and Cdur = 0.3 ms, while
↵ and � parameters vary according to the synapse type, as presented in Tables 4.3–4.4.
For GABAa-mediated synapses, Esyn = �85 mV, Cmax = 0.5 mM, and CdurControl

= 0.3
ms, while values of ↵Control and �Control vary according to the synapse type, as presented in
Tables 4.3–4.4. To model post-ALLO GABAa-mediated synapses, ↵post�ALLO = ↵Control ⇥
1.58, �post�ALLO = �Control ⇥ 0.74, and Cdurpost�ALLO

= CdurControl
⇥ 1.14.

GABAb-mediated synapse modelling

The dynamics of GABAb-mediated synapses followed the formalism by Destexhe et al.
[52]. GABAb-mediated synapses active indirectly, following a series of intracellular events.
In particular, the neurotransmitter binding event activates an intracellular complex called
a G-protein which activates potassium channels ultimately hyperpolarizing and causing
inhibition of the postsynaptic neuron. In this way, the synaptic conductance function is
described by:

s(t) =
g4

g4 +Kd

(B.87)

dr

dt
= K1[T ](1� r)�K2r (B.88)

dg

dt
= K3r �K4g (B.89)

where r is the fraction of GABAb receptors in the activated form, g is the normalized
G-protein concentration in activated form given in µM, Kd = 100 µM4 is the dissociation
constant of G-protein binding on potassium channels, K1 = 0.09 (ms mM)�1 is the forward
binding rate to the receptor, K2 = 0.0012 ms�1 is the unbinding rate, K3 = 0.18 ms�1

is the rate of G-protein production, K4 = 0.034 ms�1 is the rate of G-protein decay, and
Esyn = �95 mV.
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B.2 Model parameters

gion RS IB NRS LTS TC RE

gNaf 200 200 200 170 90 200
gNap 0.16 0.16 0.1 0.16 - -
gK - - - - 10 20
gKdr 170 170 170 100 - -
gKa 75 17 20 1 - -
gK2 35 27 40 9 - -
gKm 43 40 55 35 - -
gKc 20 20 15 15 - -
gKahp 0.5 3.5 35 0.1 - -
gCaT 0.1 0.1 0.1 0.05 2 3
gCaL 10 11 2 0.1 - -
gh 0.1 0.1 0.1 0.1 N (0.0175, (8⇥ 10�7)2) -
gLeak 2 2 2 2.4 0.01 0.05
gKLeak - - - - N (4, (3⇥ 10�4)2) -

Table B.2: Maximal conductance parameters (in mS/cm2) for each neuron type.

B.3 Model fitting: choice of fitting parameters

To address the abnormality in individual neuronal firing, we analyzed the dynamics between
two layer 6 non-tufted regular-spiking (NRS) neurons as an example, illustrated in Figure
B.1: Cell 0, receiving a constant input current, and Cell 1, receiving input from Cell 0
through an AMPA synapse. The key di↵erence between spiking behaviours of Cell 0 and
Cell 1 lies in the applied current (Iapp) versus synaptic current (Isyn), with parameters
gmax, ↵, and � shaping the synaptic strength. Modifying other synaptic parameters such
as Cmax and Cdur had e↵ects similar to adjusting gmax or ↵, as shown in Figure B.1C.
Notably, increasing ↵ led to excessive depolarization, resembling a depolarization block,
while decreasing � suppressed firing due to synaptic inputs decaying too rapidly. As shown
in Figure B.1A-B, we found that by using default ↵ and � parameters defined in previous
work, the magnitude of Isyn was too high, similar to having an overly strong constant Iapp,
leading to distorted spikes in the postsynaptic cell that did not resemble its typical firing
characteristics. Additionally, factors like presynaptic spike width and neurotransmitter
dynamics further influenced Isyn, reinforcing the need for careful adjustment of rise (↵)
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nPrePost Number of cells nPrePost Number of cells

nRSRS 11 nLTSRS 11
nRSIB 11 nLTSIB 11
nRSNRS 11 nLTSNRS 11
nRSLTS 10 nTCRE 11
nIBIB 11 nTCNRS 21
nIBRS 1 nTCIB 21
nIBNRS 1 nTCRS 21
nIBLTS 1 nTCLTS 21
nNRSNRS 11 nRERE 11
nNRSRS 9 nRETC 11
nNRSIB 11
nNRSLTS 8
nNRSTC 16
nNRSRE 16

Table B.3: The number of presynaptic neurons that each postsynaptic neuron connects to
(nPrePost) in the 5-95 (nIB:nRS) model configuration.

nPrePost Number of cells nPrePost Number of cells

nRSRS 11 nLTSRS 11
nRSIB 1 nLTSIB 11
nRSNRS 1 nLTSNRS 11
nRSLTS 1 nTCRE 11
nIBIB 11 nTCNRS 21
nIBRS 11 nTCIB 21
nIBNRS 11 nTCRS 21
nIBLTS 10 nTCLTS 21
nNRSNRS 11 nRERE 11
nNRSRS 11 nRETC 11
nNRSIB 9
nNRSLTS 8
nNRSTC 16
nNRSRE 16

Table B.4: The number of presynaptic neurons that each postsynaptic neuron connects to
(nPrePost) in the 95-5 (nIB:nRS) model configuration.
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and decay (�) time constants in addition to the maximal synaptic conductance (gmax) to
achieve physiological neuronal firing.

Figure B.1: Exploring how variations in synaptic parameters a↵ect postsynaptic firing
in a 2-cell network of layer 6 non-tufted regular spiking (NRS) neurons. Using default
parameters (gmax = 1µS, ↵ = 0.94(ms ·mM)�1, � = 0.18ms�1, Cmax = 0.5 and Cdur = 0.3),
distorted firing is observed in Cell 1 (A), which is similar in e↵ect to a strong applied
current in Cell 0 (B). (C): Firing behaviour of Cell 1 under one-at-a-time variation of each
synaptic parameter. The units of applied current are in nA.
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Figure B.2: Poor model fitting results for (A) spindle oscillations and (B) spike-wave
discharges using only maximal synaptic conductances as fitting parameters. Population-
level activity matches target metrics while individual neuron voltage traces show distorted
action potentials.
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B.4 Model fitting: staged parameter fitting process

Figure B.3: (A): For each synapse type, multiple parameter triplets (ḡsyn, ↵, �) yielded
good fits (solid blue points). Points with gray outlines represent the sampled parameter
space, with solid red points indicating our selected parameter triplets. (B): Testing model
sensitivity to deviations from the nominal values (solid red points) by up to 90% (IBRS and
IBLTS), 70% (IBIB), and 75% (IBNRS) in each parameter dimension. Transparent points
with blue outlines represent good fits as in panel A, and in black outlines, the parameter
cloud tested for sensitivity. Solid green points indicate parameter sets that maintained
good network performance despite these deviations.
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Figure B.4: (A): For each synapse type, multiple parameter triplets (ḡsyn, ↵, �) yielded
good fits (solid blue points). Points with gray outlines represent the sampled parameter
space, with solid red points indicating our selected parameter triplets. (B): Testing model
sensitivity to deviations from the nominal values (solid red points) by up to 100% (NRSRS
and NRSIB), 30% (NRSLTS), and 50% (NRSNRS, NRSTC and NRSRE) in each parameter
dimension. Transparent points with blue outlines represent good fits as in panel A, and
in black outlines, the parameter cloud tested for sensitivity. Solid green points indicate
parameter sets that maintained good network performance despite these deviations.
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Figure B.5: (A): For each synapse type, multiple parameter triplets (ḡsyn, ↵, �) yielded
good fits (solid blue points). Points with gray outlines represent the sampled parameter
space, with solid red points indicating our selected parameter triplets. (B): Testing model
sensitivity to deviations from the nominal values (solid red points) by up to 50% (LTSRSa),
200% (LTSIBa), and 75% (LTSNRSa) in each parameter dimension. Transparent points
with blue outlines represent good fits as in panel A, and in black outlines, the parameter
cloud tested for sensitivity. Solid green points indicate parameter sets that maintained
good network performance despite these deviations.
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Figure B.6: (A): For each synapse type, multiple parameter triplets (ḡsyn, ↵, �) yielded
good fits (solid blue points). Points with gray outlines represent the sampled parameter
space, with solid red points indicating our selected parameter triplets. (B): Testing model
sensitivity to deviations from the nominal values (solid red points) by up to 35% (TCRS),
and 30% (TCIB, TCNRS and TCLTS) in each parameter dimension. Transparent points
with blue outlines represent good fits as in panel A, and in black outlines, the parameter
cloud tested for sensitivity. Solid green points indicate parameter sets that maintained
good network performance despite these deviations.
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B.5 Synchrony measure

The model fitting process required using a measure of synchrony to characterize the two
network states of interest: spindle oscillations and spike-wave discharges. We used our
previous model, specifically the behaviour of the cortical pyramidal (PY) and thalamo-
cortical (TC) populations to obtain target metrics. The pattern of synchronization was
significantly di↵erent between the PY and TC populations. Namely, for the PY population
it is observed that synchronization mostly occurs between all cells. It would seem reason-
able to calculate the measure of synchrony S using a population averaged V (t), as defined
in [76, 77, 78]. However, it is observed that using such a quantity results in undesirable
averaging e↵ects that are far more sensitive to small di↵erences in synchrony between any
two cells, as illustrated in Figure B.7. Given that the synchrony measure is dependent on
the variance of the voltage, using an average voltage of the full population results in a lower
variance of such a population average as compared to the variance of a pairwise-average.
Moreover, if the population is as synchronized as suggested by a raster plot, it is expected
that the synchrony measure between any two cells should be similar. This is illustrated in
Figure B.8 by considering the pairwise synchrony for all cells in the PY population.

In the case of the TC population, the spindles state consists of alternate bursts of
synchrony generated by two distinct clusters. Due to the connectivity structure within the
population, it is observed that neurons organize themselves to belong to either one of the
clusters. In particular, neurons that belong to the same cluster exhibit a higher degree of
synchrony (measured by Si,j) between each other, while exhibiting a relatively lower degree
of synchrony with neurons in the other cluster, as illustrated in Figure B.9.

Given these di↵erences in synchronization patterns both within and across populations,
as well as our observations of potential issues arising from the use of a population-averaged
voltage, it was essential to modify the synchrony measure defined in [76, 77, 78] to more
accurately characterize the synchrony of our neural populations of interest.
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Figure B.7: An illustration of undesirable averaging e↵ects of using a population average
V (t) to calculate synchrony measure for a small subset of the PY population (cell indices
0 to 4). Voltage traces of pairs of cells from the subset are given in (A)-(J) while voltage
traces of the full subset are given in (K). In each case, the average voltage is plotted in red,
and the synchrony measure is given in the heading. (L): A comparison of the synchrony
measure between individual pairs (Si,j) and a measure using the full subset (Spop). The
synchrony measure using the full subset is significantly lower than the measure between
any pairs of cells in the subset.

172



Figure B.8: (A): Synchrony matrix with a measure Si,j for every pair of cells in the PY
population from 11 to 11.5s for the simulated experiment using GABAa conductance at
100% baseline value. Spop (pairwise average) equal to 0.6959 refers to our modified popu-
lation synchrony, whereas Spop (population average) equal to 0.3913 refers to a population
synchrony using a population-averaged voltage as described in [76, 77, 78]. (B): Voltage
traces of the PY population with the population average voltage given in red. (C) Average
pairwise synchrony measure Si for PY cells.
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Figure B.9: Distribution of synchrony measure S20,j (between neuron of index 20 and all
other neurons in the TC population) over two di↵erent time intervals.
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B.6 Allopregnanolone application experiment curve
fitting

Inhibitory postsynaptic currents mediated by GABAa receptors post application of allo-
pregnanolone, obtained from experimental works (thereby referred to as Idata), were fit
using the following equation:

IGABAa = �min(Ĩdata) ·
1

s(Tdur)
· s(t) (B.90)

where

Ĩdata =
Idata

(Vhold + 85)
and s(t) =

8
<

:

↵Cmax

↵Cmax+�

⇣
1� e�t(↵Cmax+�)

⌘
, 0  t < Tdur

⇥
↵Cmax

↵Cmax+�

⇣
1� e�Tdur(↵Cmax+�)

⌘⇤
e��(t�Tdur), t � Tdur

(B.91)

All experimental data were scaled by factoring out the voltage dependent term for
curve fitting purposes. This allowed for the isolation of the synaptic gating variable s(t)
dynamics, making the analysis of the synaptic gating more direct and interpretable. We
interpret the scaling factor min(Ĩdata)· 1

s(Tdur)
as the channel’s maximal intrinsic conductance

where s(Tdur) is equal to the maximum of the gating variable and min(Ĩdata) represents the
maximal conductance.

We used MATLAB’s lsqcurvefit function to find the best-fitting ↵, � and Tdur param-
eters in Equation (B.90), for the given data. By pre-scaling the data, these parameters
could be estimated to directly fit s(t). As illustrated in Figure B.10, without pre-scaling,
the relative importance of fitting di↵erent parts of the curve changes. This results in the
optimization converging to di↵erent (non-ideal) local minima in the parameter space.
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Figure B.10: Sample curve fits of inhibitory postsynaptic currents post application of
allopregnanolone, without (A) and with (B) pre-scaling data by factoring out the voltage
dependent term.
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Appendix C

Appendix for Chapter 5

C.1 Redefining steady-state activation/inactivation of
INaf in TC and RE cells

In both the thalamic cells, the dynamics of the fast sodium channel were described using
voltage-dependent forward (↵) and backward (�) rate constants that control the transitions
between channel states. The steady-state activation and inactivation variables were defined
as the equilibrium solutions of these state transitions, given by the following equations:

mNaf1 =
↵m

↵m + �m

(C.1)

hNaf1 =
↵h

↵h + �h

(C.2)

where mNaf1 and hNaf1 denote steady-state activation and inactivation, respectively.

For TC cells, rate constants were given by:

↵mNaf
=

0.32 · (�V � 12)

exp(�V�12
4 )� 1

and �mNaf
=

0.28 · (V � 15)

exp(V�15
5 )� 1

(C.3)

↵hNaf
= 0.128 · exp

⇣�V � 8

18

⌘
and �hNaf

=
4

1 + exp(�V+15
5 )

(C.4)

While for RE cells, rate constants were given by:

↵mNaf
=

0.32 · (�V � 42)

exp(�V�42
4 )� 1

and �mNaf
=

0.28 · (V + 15)

exp(V+15
5 )� 1

(C.5)
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↵hNaf
= 0.128 · exp

⇣�V � 38

18

⌘
and �hNaf

=
4

1 + exp(�V�15
5 )

(C.6)

Since alterations in channel activity due to SCN8A mutations were specific to half-
activation voltage and the slope factor in the Boltzmann functional form, we needed to
redefine the existing mNa1 and hNa1 expressions for both thalamic cell types in terms of
a Boltzmann-like function. By employing MATLAB’s lsqcurvefit function, we found the
best-fitting V1/2 and k parameters that fit the steady-state activation/inactivation curves
given in Equations (C.3)- (C.6).

For TC cells, the redefined steady-state functions were given by:

mNaf1 =
1

1 + exp(�V+0.978
7.434 )

and hNaf1 =
1

1 + exp(V+3.317
4.036 )

While, for RE cells, the redefined steady-state variables were defined by the following
equations:

mNaf1 =
1

1 + exp(�V�29.017
7.415 )

and hNaf1 =
1

1 + exp(V+33.333
4.055 )

Figure C.1: Comparison of the original and redefined steady-state activation and inactiva-
tion functions for the fast sodium channel in TC and RE cells.
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C.2 E↵ect of modifying the maximal IK2 conductance
in modelling the SCN2A mutation

The e↵ect of the Scn2a+/� mutation has been reported to involve a reduction in maximal
sodium conductance density, along with down-regulation of multiple potassium channels.
To model this, we modified the parameter corresponding to the maximal conductance of
the fast sodium current, INaf , as described in Equation (5.1). Additionally, we adjusted
the maximal conductance parameter for IK2 (gK2). However, using the gK2 value reported
in the literature did not reproduce the increased neuronal firing observed experimentally,
as shown in the top row of Figure C.2. To investigate this further, we analyzed spike-
count response curves of excitatory cortical cells across varying levels of gK2 reduction
(Figure C.2, bottom row). Based on this analysis, and in order to qualitatively match
the experimentally observed firing patterns, we adjusted gK2 to approximately twice the
reported reduction—changing it from about 33% to 75%.

Figure C.2: Spike-count responses of excitatory cortical cells under the Scn2a+/� mutation.
(Top row): Responses with a fixed 33% reduction in IK2 conductance, across varying
mutation strengths. (Bottom row): Responses at 100% mutation strength, with varying
levels of IK2 conductance reduction (33-100%). Based on this analysis, we set the IK2

conductance reduction to 75% (adjusted from 33% reported in [212]) to qualitatively match
experimentally observed neuronal firing patterns.
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