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Abstract

During cognitive tasks, synchronicity of neural activity varies and is cor-
related with performance. However, there may be an upper limit to normal
synchronised activity – specifically, epileptogenic activity is characterized by
excess spiking at high synchronicity. An epileptic seizure has a complicated
course of events and I therefore focused on the synchronised activity preced-
ing a seizure (fast ripples). These high frequency oscillations (200–1000 Hz)
have been identified as possible signature markers of epileptogenic activity
and may be involved in generating seizures. Moreover, a range of ionic cur-
rents have been suggested to be involved in distinct aspects of epileptogenesis.
Based on pharmacological and genetic studies, potassium currents have been
implicated, in particular the transient A–type potassium channel (KA).

Our first objective was to investigate if KA could suppress synchronised
input while minimally affecting desynchronised input. The second objective
was to investigate if KA could suppress fast ripple activity.

To study this I use a detailed compartmental model of a hippocampal
CA1 pyramidal cell. The ion channels were described by Hodgkin–Huxley
dynamics.

The result showed that KA selectively could suppress highly synchronised
input. I further used two models of fast ripple input and both models showed
a strong reduction in the cellular spiking activity when KA was present. In an
ongoing in vitro brain slice experiment our prediction from the simulations is
being tested. Preliminary results show that the cellular response was reduced
by 30 % for synchronised input, thus confirming our theoretical predictions.

By suppressing fast ripples KA may prevent the highly synchronised spik-
ing activity to spread and thereby preventing the seizure. Many antiepileptic
drugs down regulate cell excitability by targeting sodium channels or GABA–
receptors. These antiepileptic drugs affect the cell during normal brain activ-
ity thereby causing significant side effects. KA mainly suppresses the spiking
activity when the cell is exposed to abnormally high synchronised input. An
enhancement in the KA current might therefore be beneficial in reducing
seizures while not affecting normal brain activity.

Keywords: epileptogenesis, fast ripples, synchronicity, dendritic potentials,
transient A–type potassium current, KV 4.2
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Glossary

Soma The cell body of a neuron.

Dendritic tree The large tree–like structure connected to
the cell body of a neuron.

Action Potential (spike) A large transient depolarisation of the
membrane potential generated in the soma
when the cell is activated.

Back propagating action potential The spread of the action potential
from the soma throughout the dendritic tree.

Spike threshold Critical membrane potential threshold.
Pass this threshold an action potential
is generated.

Excitatory postsynaptic potential A temporary depolarisation of the
membrane potential caused by the flow
of positive charged ions into the cell.

Ion channel Pore–forming proteins that help establish
and control the voltage gradient
across the membrane by allowing the
flow of ions down their electrochemical
gradient.

Gating variable Describes the open state of an ion
channel.

Steady state parameters Describes the open state of an ion
channel in steady state.

Synapse Functional connections between neurons
where the cells can activate each other.
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AMPA–receptor An exitatory iontropic receptor that gives
rise to a depolarisation of the membrane
potential.

GABA–receptor An hyperpolarising iontropic receptor that
gives rise to a hyperpolarisation of the
membrane potential.

Hippocampus An important brain structure located
in the temporal lobe.

CA1 An area in hippocampus.

CA3 An area in hippocampus.

Temporal lobe epilepsy A form of epilepsy where the seizures
are generated in the temporal lobe.

Ictal Refers to a physiologic state or event
such as a seizure, stroke or headache.
In this thesis it will refer to a
seizure.



Chapter 1

Introduction

The beginning is the most important part of the work.

—Plato

In this chapter the objectives of this thesis will be described and motivated. In the
end of the chapter the publications which this thesis is based on will be listed.

1.1 Scope of the Thesis

Synchronised neural activity is associated with several vital cognitive processes.
However, it is also an important element behind certain cognitive disorders, for ex-
ample schizophrenia, epilepsy, autism, Alzheimer’s disease, and ADHD (attention–
deficit hyperactivity disorder) (Herrmann and Demiralp, 2005; Uhlhaas et al., 2008).
Therefore, mechanisms that regulate synchronised neural activity are crucial for the
understanding of the brain and neurological diseases. Such mechanisms have to be
able to differentiate between synchronised and desynchronised activity. In particu-
lar, these two types of neural activity lead to input that depolarise the cell in differ-
ent ways. Synchronised input generates a large and rapid depolarisation, whereas
desynchronised input generates a lower and slower depolarisation (see figure 1.1).
The candidate mechanism I propose for this is the A–type potassium channel (KA).
KA gives rise to a rapid outward positive current that reduces the excitability of the
cell (Hoffman et al., 1997). A large KA current could therefore prevent the neuron
from becoming activated by synchronised synaptic input. The first objective of
my thesis is to investigate whether KA can regulate synchronised neural input by
suppressing synchronised input while minimally affecting desynchronised input.

Fast ripples, high frequency oscillations (200–1000Hz), have been identified as
possible signature markers of epiletogenic activity and may be involved in generat-
ing seizures
(Chiu et al., 2006; Bragin et al., 1999; Ochi et al., 2007; Urrestarazu et al., 2006).
Importantly, fast ripples are characterized by abnormally synchronised neural pop-
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Figure 1.1: Synchronised and desynchronised input has different character-
istics. The red curve represents a cell subjected to synchronised input and the
black line represents desynchronised input. The synchronised activity is sup-
pressed and no spike is generated.

ulation activity. In this work I have not focused on the mechanisms that generates
fast ripples but instead how the cellular response to fast ripple activity can be sup-
pressed. Therefore, the second objective is to investigate whether KA can suppress
fast ripple activity.

Synchronicity is commonly viewed as a network phenomenon. However, even
though it manifests itself as simultaneously occurring spikes throughout the net-
work, the single neuron (or part of the dendrite) constitutes the point of conver-
gence. I therefore hypothesised that reducing the cellular response to synchronised
input would be beneficial in reducing network synchronicity.

In this thesis I will use the term model for computational models since the ma-
jor part of this work is computational. However, in an ongoing project (Silberberg,
Planert, Tigerholm, Fransén) our prediction from the model is being tested exper-
imentally. Preliminary result from than project will be presented in this thesis.

1.2 List of Publications Included in the Thesis

• Paper I Erik Fransén, Jenny Tigerholm Role of A–type potassium currents

in excitability, network synchronicity and epilepsy, Hippocampus, 2009 (In
press). In this article I examined the ability of KA to differentially reduce
synchronised input. The article predicts that KA can suppress highly syn-
chronised synaptic inputs and fast ripple activity. My contribution to this
work was to improve, extend and validate the model, conceive, develop and
construct the fast ripple model, run the simulations and perform the analysis.
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• Abstract I Jenny Tigerholm, Erik Fransén, KA channels suppress cellular

response to fast ripple activity – Implication for epilepsy, CNS, 2009. In this
abstract I investigated if KA could suppress fast ripple activity. The result
predicted that KA could reduce cellular response to fast ripple activity. My
contribution to this work was to improve, extend and validate the model,
conceive, develop and construct the fast ripple model, run the simulations,
perform the analysis and write the abstract.

• Abstract II Jenny Tigerholm, Erik Fransén, KA channels reduce dendritic

depolarisation from synchronised synaptic input: implication for neural pro-

cessing and epilepsy, CNS, 2008. In this abstract I examined whether or not
KA could differentially reduce synchronised input. The result predicted that
KA could suppress highly synchronised synaptic input while minimally af-
fecting desynchronised input. My contribution to this work was to improve,
extend and validate the model, run the simulations, do the analysis and write
the abstract.





Chapter 2

Biological Background

The brain is wider than the sky.

— E. Dickinson

Computational neuroscience is the application of computer modelling to eluci-
date biological phenomena in the nervous system. Hence, an understanding of rele-
vant biological concepts as well as computational modelling is required to properly
understand the interdisciplinary field of computational neuroscience. This chapter
provides an overview of the basic underlying biological concepts relevant to this
thesis as well as the relevant biological assumptions made for the purpose of this
thesis. For a more in-depth description of neuroscience the book, Neuroscience, is
recommended (Purves et al., 2001).

2.1 Neurons – the Building Blocks of the Brain

The morphology of neurons can vary significantly. However, all neurons have a cell
body (soma) and a tree–like structure called a dendritic tree. The large dendritic
tree is surrounded by a cell membrane. In the cell membrane innumerable ion
channels are embedded enabling ions to flow through. The ion concentration inside
and outside the neuron differs. This induces a chemical gradient and electrical
voltage over the membrane that drives the ions through the ion channels. When
a neuron is resting the inflow and outflow of ions are at equilibrium but when
the neuron is activated this balance is disturbed. One way to activate a neuron
is by activating receptors sensitive to α -amino-3-hydroxyl-5-methyl-4-isoxazole-
propionate (AMPA). The AMPA receptors are primarily located at the synapses,
which are locations where neurons are connected. When the AMPA receptor is
activated it opens and lets ions pass through the membrane. The flux of ions gives
rise to a depolarisation, excitatory postsynaptic potential (EPSP), of the neuron.
This depolarisation travels to the soma where an “all or nothing” mechanism decides
if the neuron gets activated. If the membrane potential is higher than a certain

5



6 CHAPTER 2. BIOLOGICAL BACKGROUND

level (spike threshold) the neuron becomes activated. When a neuron becomes
activated sodium channels open in the soma. This gives rise to a large transient
depolarisation (action potential, spike) that is typical for a neuron that has been
activated.

Not only can a cell become activated by synapses it can also be inhibited. The
typical neurotransmitter that mediates the signal is GABA (gamma-aminobutyric
acid). When GABA-receptors are activated the cell becomes hyperpolarised and
thereby less excitable.

2.2 Cognitive Processing and Synchronised Neural Activity

Extracellular electrical recording is a widely used method for measuring synchro-
nised brain activity. Electroencephalography (EEG) and local field potentials
(LFP) measure the electrical activity induced by the activity of neurons. Both
these methods record the combined activity of many neurons and it is therefore
impossible to isolate activity from one single neuron. EEG and LFP, which mea-
sure population activity, can only detect activity if the neuron population exhibits
some degree of synchrony. If the neural activity is uncorrelated, the sum of all the
cells cancels out and population activity becomes zero. Synchronised brain activ-
ity, recorded by EEG or LFP, is classified by its frequency, alpha (8–12 Hz), beta
(13–30 Hz), gamma (30–200Hz), delta (0–3 Hz) and theta (4–7 Hz) (Uhlhaas et al.,
2008). For example, during a working memory task both theta and gamma os-
cillations are present in the hippocampus. This activity is presumed to represent
a transient memory representation. It is hypothesised that this transient memory
may also be transferred to the neocortex where a more stable representation could
be stored.

Large depolarisations (sharp waves) have been recorded in the hippocampus dur-
ing slow wave sleep and quiet waking (Bragin et al., 1995; Buzsaki, 1998; Maier et al.,
2003; Siapas and Wilson, 1998). Superimposed on the sharp waves are high fre-
quency oscillations, called ripples (se figure 2.1) (Maier et al., 2003). This activity
has been associated with memory consolidation (Buzsaki, 1998; Siapas and Wilson,
1998). Another cognitive process, attention, has been associated with modulation
of gamma oscillations (Ray et al., 2007). Interestingly, the modulation of gamma
oscillations varies in different areas of the brain. During an attention experiment, in
the lateral occipital cortex, gamma oscillations decrease from baseline levels when
stimuli are presented. In other attention experiment, gamma oscillations increase
in the fusiform gyrus when stimuli are presented, but are unchanged during baseline
conditions (Ray et al., 2007; Tallon-Baudry et al., 2005).

In conjunction with several cognitive disorders, such as schizophrenia, epilepsy
and Autism, an alteration in brain oscillations can be observed
(Herrmann and Demiralp, 2005; Uhlhaas et al., 2008). In most of these disorders,
for example schizophrenia and autism, a reduction of oscillations are recorded
(Uhlhaas et al., 2008; Herrmann and Demiralp, 2005). However, is found the oppo-
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Figure 2.1: This figure is adopted from Maier et al (2003). Frequency compo-
nents of Sharpe waves Ripple in vitro. (A) Raw data from a recording of a CA1
pyramidal cell layer. Lower traces show the same recording after application of
a high–pass filter (B) band–pass filter (C) and low pass–filter (D). Isolation of
high–frequency components reveals unit activity.

site in patients with epilepsy. Moreover, recordings of increased brain oscillations
of extremely high frequencies (fast ripples) have been recorded preceding seizures
(Chiu et al., 2006; Bragin et al., 1999; Ochi et al., 2007; Urrestarazu et al., 2006).
Hence, understanding the regulation of synchronised brain activity may shed light
on several cognitive and neurological disorders.

2.3 Epilepsy

Epilepsy is one of the major neurological diseases with a prevalence rate of 5 to 10
per 1000 individuals (Sander and Shorvon, 1987; Semah et al., 1998). The predom-
inant symptoms of epilepsy are recurrent spontaneous seizures. Usually patients
experience seizures during stress and fatigue or when they are calm or at rest.
The uncertainty regarding the triggering conditions of a seizure is very stressful for
the patient. Therefore, the period immediately preceding the seizure, preictal, has
been the subject of significant studies in order to construct algorithms that can help
predict seizures. Epileptic seizures can be divided into two groups – partial and
general. Partial seizures only affect certain parts of the brain while general seizures
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cause disturbances throughout the whole brain. Mesial temporal lobe epilepsy is
a common form of epilepsy caused by a partial seizure. These seizures are located
in the olfactory cortex, amygdala, and hippocampus. The underlying mechanisms
for seizures are unknown, but many studies have investigated preictal activity to
identify the triggering mechanisms of seizures. Fast ripples, i.e. high frequency
oscillations (200–1000Hz), have been identified as possible signature markers of
epileptogenic activity and may be involved in generating seizures (Chiu et al., 2006;
Bragin et al., 1999; Ochi et al., 2007; Urrestarazu et al., 2006). In fact, fast ripples
have only been recorded in brain structures capable of generating epileptic seizures
(Engel et al., 2009).

2.4 Sharp Waves, Ripples and Fast Ripples

During phases of slow wave sleep or behavioural immobility slow depolarisations
(sharp waves) have been recorded in EEG, in particular in the hippocampal for-
mation (Bragin et al., 1995; Buzsaki, 1998; Maier et al., 2003; Siapas and Wilson,
1998). Sharp waves are usually superimposed with fast oscillations (see figure 2.1
from Maier et al (2003)). These fast field oscillations are called ripples and have a
frequency between 80–200Hz. Furthermore, ripples with frequencies of 200 Hz and
higher have also been recorded and been denoted fast ripples (Chiu et al., 2006;
Bragin et al., 1999; Ochi et al., 2007; Urrestarazu et al., 2006). Ripples are consid-
ered normal brain activity but fast ripples are considered pathological brain activity
associated with epilepsy. However, the frequency of high frequency oscillations may
not be reliable enough to differentiate between pathological ripples and normal rip-
ples (Engel et al., 2009). For example, in neocortex oscillations with a frequency
lower than 200 Hz have been associated with epileptogenic activity (Grenier et al.,
2003). Therefore some studies do not use the term fast ripples; instead they use
the term pathological ripples. In this thesis, the term fast ripple is used since it is
the most commonly used term.

The analysis of fast ripples compared to normal brain ripple activity helps us
understand the pathological behaviour of fast ripples. The amplitude and the
frequency of ripples and fast ripples indicate that the activity is initiated in CA3
pyramidal cells and becomes prominent in CA1 cells (Dzhala and Staley, 2004;
Ylinen et al., 1995). Fast ripples can reach frequencies as high as 1000 Hz, while
individual neurons can only fire at a few hundred Hertz for a longer period of
time (Staley, 2007). This implies that fast ripples are the combined effect of a
population of neurons. A hypothesis to explain the occurrence of fast ripples is
proposed by Foffani et al (Foffani et al., 2007; Staley, 2007). This higher frequency
might occur when two populations of neurons oscillating with lower frequencies are
combined. For example, consider two populations of neurons oscillating at 200 Hz.
If one population is delayed with 2.5 ms they will together generate an oscillating
frequency of 400 Hz.

Another hypothesis on how fast ripples can occur is that fast ripples are a patho-
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logical deviation of ripples. When fast ripple activity is generated, synchronicity
increases followed by an increase in frequency (Lasztoczi et al., 2004). These re-
sults suggest that fast ripples may be generated from normal ripples with a higher
synchronicity (Engel et al., 2009; Foffani et al., 2007).

A third hypothesis on how fast ripples can occur involves networks of pyrami-
dal cells connected by gap junctions, where the cytoplasm of the cells are directly
connected. This allows molecules and ions to pass between cells. The direct con-
nections between pairs of axons, caused by gap junctions, may generate high syn-
chronicity. This arises because activity in one axon leads to activity also in the
connected axon and thereby a cascade of activity is generated. There is experi-
mental evidences that gap junctions do exist in pyramidal cells and interneurons
in hippocampus (Hamzei-Sichani et al., 2007; Bartos et al., 2001). For pyramidal
cells, gap junctions have been found between the axons (Schmitz et al., 2001). If
the chemical synapses are blocked it is still possible to observe a population fre-
quency as high as 200 Hz (Draguhn et al., 1998; Buzsáki and Chrobak, 1995). It
is hypothesised that axo-axonal gap junctions in pyramidal cells can generate high
population frequency when spontaneously action potentials are generated in the
axons (Traub and Bibbig, 2000). Since it is technically difficult to study activity
in single axons in an axonal plexus this was studied in a model. Computational
models has shown that the activity in each axon is much lower than the popula-
tion activity (traub2003gaba,traub2000model). Gap junctions may play a role in
epileptogenesis.

Many studies have shown that inhibitory neurons play an important role in sus-
taining synchronised oscillations (Buzsáki and Chrobak, 1995; Mann and Paulsen,
2007). In regions that generate fast ripples the inhibition has been altered. For
a short period of time the principal cell’s excitation can increase without activat-
ing inhibitory neurons (Bragin et al., 2002). This may explain the high excitability
during fast ripples. However, reduction of this inhibition can not completely explain
epileptogenesis since in Parkinson’s disease and Huntington’s disease inhibition is
reduced without the emergence of epilepsy (Feldman et al., 1997).

An important question, why abnormally synchronised activity is so dangerous,
arises. Synchronised input generates a rapid and large depolarisation and thereby
effectively activates the cell. Synchronised activity generates synchronised input
to neurons and thereby more neurons are activated synchronously (Grenier et al.,
2003). Hence, fast ripples may occur when the synchronised activity has reached
a certain critical level, thus initiating an autogenerative process (Grenier et al.,
2003).

2.5 Antiepileptic Drugs

The effects of epileptic seizures in the brain can be severe and therefore significant
efforts have been made to develop antiepileptic drugs. The first “real” antiepileptic
drugs, phenobarbital and phenytoin, were introduced more than 80 years ago. In
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the last 15 years more than ten new antiepileptic compounds have been presented.
Many of them affect sodium channels or GABA receptors but some enhance potas-
sium currents (Soltesz and Staley, 2008).

Despite the recent advancements in antiepileptic drugs, approximately 25 % of
the patients do not respond to existing treatments (Engel, 1998). For patients
with temporal lobe epilepsy it is even worse since only 20 % of the patients are
seizure–free with medication (Semah et al., 1998). Many antiepileptic drugs af-
fect receptors or channels that are important for normal cognitive processing and
thereby cause significant side–effects. The most common side–effects of epileptic
drugs are: fatigue, dizziness, headache, depression and lack of muscular coordina-
tion (Soltesz and Staley, 2008). An ideal antiepileptic drug would only prevent the
occurrence of seizures or only affect the patient during a seizure.

2.6 A–type Potassium Channels

The A–type potassium channel (KA) is a channel that is permeable to potassium
ions which cause the neuron’s excitability to decrease. KA is composed of four
subunits that can either be identical or different. By combining different subunits,
several KA cannels can be constructed. KA channels are, in fact, a collection of
different ion channels. The KA current belongs to a group of threshold currents
that are activated near the spike threshold and it produces the well known delay
of an action potential (Hoffman et al., 1997). Common properties for all the KA
channels are their rapid dynamics. KA has a rapid activation (within milliseconds)
and a slow inactivation (within 30 ms). The dynamics of KA are usually described
by its steady state curves, activation and inactivation. Each of the steady state
curves also has a time constant.

One study showed that the dynamics of KA differed in the distal and proxi-
mal dendrites of pyramidal cells in the hippocampus (Hoffman et al., 1997). This
may be due to modulation of KA and not from a different subunit composition
(Hoffman et al., 1997). The dynamic parameters of KA in CA1 pyramidal cells are
illustrated in figure 2.2. Not only do the dynamics of KA differ in the dendritic
tree but density increases further out on the dendritic tree as well (Hoffman et al.,
1997).

The two most commonly used systems for studying the dynamic parameters of
ion channels are expression systems and brain slices. An expression system is an
artificial or natural cell that has the ability to transcribe and translate a genetic
sequence. If the gene coding for an ion channel is added in an expression system
the cell will express the ion channel on the cell surface. In an expression system the
ion channel can be studied without interference from other ion channels. Another
advantage with this method is that the subunits of the channels are known. In
expression systems the genetic name of the subunit is used as the notation of the
channel, usually the KV notation. In expression systems usually a single gene
is expressed and therefore the channels may not be equivalent to the wild–type
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Figure 2.2: Dynamic parameters of KA. This figure is adopted from Migliore
et al (1999). The figure on the left represents steady state activation and inac-
tivation. The figure on the right represents the respective time constants. Note
the difference between distal and proximal dendrites.

channels studied in brain slices. In brain slice experiments an animal brain is used
to create a thin slice of brain tissue. When recordings are performed in brain slices
there is usually no information about which specific subunits make up the channels.
Therefore the channels are usually denoted as A–type channels.

Channels composed of the subunit KV 4.2 are located in the soma and dendrites
in mammalian neurons and play a crucial rule in dendritic integration (Jerng et al.,
2004). In contrast, KV 1.4 and KV 1.2 subunits are located in the axon and nerve
terminal and are involved in the regulation of neurotransmitter release (Jerng et al.,
2004).

KA channels are highly regulated. This multitude of regulators indicate a need
to strongly regulate KA, for example in regulating neural excitability in general and,
as we hypothesised, in controlling synchronicity in particular. If KA can regulate
synchronised activity then proteins that modify KA could be of interest. Therefore,
four important proteins that modulate KA channels will be further described. A
description of the biochemical pathways for the modulation of KA channels can be
found in the figure 2.3.

KV Channel Interacting Proteins (KChIP) form complexes with KA and modu-
late its kinetic properties. The time constant of the inactivation increases and the
steady state activation shifts when KV 4.2 is co–expressed with KChIPs (An et al.,
2000). KChIPs also upregulate the cell surface expression of KA channels thereby
increasing the KA current. When KV 4.2 is co–expressed with KChIP the cell ex-
pression of KA is increased with a factor of approximately three (O’Callaghan et al.,
2003). Another protein that modulates the dynamics of KA by forming complexes
is dipeptidyl aminopeptidase – like protein (DPPX). DPPX is a transmembrane
protein (see figure 2.3). The time constants of activation and inactivation of KA
are significantly reduced by all splice variants of DPPX (Nadal et al., 2006). The
activation curve of KA is also shifted by all splice variants of DPPX (Nadal et al.,
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Figure 2.3: This figure is adopted from Jerng et al (2004). The structure of
KA and the proteins that modulate KA. A. The biochemical pathways including
KA. B. The structure of one subunit of KA.
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2006).
Two protein kinases also modulate KA, cAMP–dependent protein kinase A

(PKA) and protein kinase C (PKC). After a neuron has generated a spike the de-
polarisation is propagated back out into the dendrites. This depolarisation is called
backpropagating action potential. The amplitude of the backpropagating action
potential is associated with regulation of synaptic strength. PKC and PKA both
increase the amplitude of backpropagating action potentials by downregulating the
KA current. PKA activators produce a 15 mV depolarising shift in the inactivation
KA curve. A similar change occurs with a PKC activator (Hoffman and Johnston,
1998).

2.7 A–type Potassium Channels and Epilepsy

Based on pharmacological and genetic studies, KA currents have been implicated in
epileptogenesis. In this section some of these experimental studies will be discussed.

In a recent study by Singh et al (2006) a mutation was discovered in a KA gene
in a patient with temporal lobe epilepsy. The mutation caused a frame shift that
changed an amino acid coding codon to a stop codon; as a result the mutated gene
lacked the last 44 amino acids of the gene. To investigate the dynamics of the
mutated KA gene the gene was injected into an expression system. The mutated
KA had the same steady state parameters as the wild–type, but the current density
was reduced. This study suggests that this downregulation of the KA current could
be the cause of patients temporal lobe epilepsy. If KA was knocked out, instead
of being downregulated, this also resulted in increased seizure susceptibility to
kainate induced seizures (Singh et al., 2006). A general problem with knockouts is
developmental complications, such as seizures. A better technique would be to use
blockers to isolate the behaviour of a specific ion channel. When KA is blocked by
a selective blocker, seizures were also induced (Juhng et al., 1999). All these three
experimental results suggest that a deficiency in KA may contribute to inducing
seizures.

As a consequence of seizures, neurons can be relocated to abnormal positions.
These neurons are called heterotopic cells. An animal model for this kind of cortical
malformation is Methylazoxymethanol (MAM). Heterotopic cells in MAM exposed
rats lack a functional KA current. This may contribute to the spontaneous seizures
in cortical malformations (Castro et al., 2001). KA deficiency may be involved not
only in inducing seizures but can also aggregate seizures over time. Moreover, KV
4.2 is downregulated after seizures (Francis et al., 1997; Tsaur et al., 1992), which
might create a vicious circle; seizures caused by low KA currents will further reduce
the KA current which will increase the susceptibility for new seizures (Juhng et al.,
1999). Seizures also cause stress reactions that start many processes that may
contribute to the downregulation of KA. However, with an animal model that
mimics a stress response, without triggering a seizure, the KV 4.2 gene expression
could be measured. The result showed that downregulation of KV 4.2 was not the
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result of stress reactions.
Lamotrigine is an antiepileptic drug that affects KA channels. Lamotrigine is

not specific but affects other channel types as well. Interestingly, in the neocor-
tex the KA current is enhanced by Lamotrigine (Zona et al., 2002) but is reduced
in the hippocampus (Huang et al., 2004). This might explain why some patients
with epilepsy show an improved status whereas others experience that Lamotrig-
ine aggravates pre–existing seizures and triggers new seizure types (Guerrini et al.,
1998).

The experimental data presented in this section shows that a downregulation
of KA may be involved in generating seizures. Since seizures contribute to down-
regulation of KA this increases the susceptibility of new seizures even more. An
uppregulation of KA could stop this progressive downregulation and prevent a pa-
tient from having a relapse. At the moment, at our knowledge, there exists no
antiepileptic drug that selectively targets the KA channel.



Chapter 3

Review of Computational Models

in Epilepsy

If you have an apple and I have an apple

and we exchange apples then you and I will

still each have one apple. But if you have

an idea and I have an idea and we exchange

these ideas, then each of us will have two

ideas.

— G. Shaw

Epilepsy is characterized by spontaneous recurrent seizures; therefore a first ap-
proach to model epilepsy would be to model a seizure. During a seizure the activity
has a rich repertoire of characteristics that makes it difficult to model. Many models
focus instead on specific questions regarding the seizures. When do seizures occur?
After being diagnosed with epilepsy what is the probability of remission after three
years? How do certain antiepileptic drugs affect the neuron’s excitability?

A large part of modelling requires simplifying the problem. An understanding
of the biological system is needed in order to understand which parts of the problem
can be safely ignored for that particular problem. In many cases the underlying
mechanisms of the system are unknown and it is therefore difficult to construct a
good model. One approach used to solve this problem is to generate several models
based on hypotheses regarding the underlying mechanism and then investigate their
consistency with experimental data. This approach has been used to describe the
transition from normal to ictal state in epilepsy (Milton et al., 1987; Albert, 1991;
Wong et al., 2007; Le et al., 1992).

The modelling community has a tradition of developing their own models in-
stead of using existing models. One reason for this is that many existing models
have a narrow application field therefore making it difficult to apply them to other
problems. Despite this it can be beneficial to use existing models if the user un-

15
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derstands the limitations of the model. A model database such as modelDB1 is an
excellent asset to computational modelling. Building upon other people’s knowl-
edge is essential for a healthy scientific society.

There are many advantages of using models. In models, assumptions are explic-
itly stated and the result can be evaluated with only those assumptions at work.
Due to uncontrollable factors during an experiment all factors are not known and
it is therefore sometimes difficult to evaluate the result. With models it is possible
to isolate a small part of the system, something that can be quite difficult if not
impossible in experiments. Furthermore, some variables are impossible to measure
in experiments but easy to measure in a model.

When using models, several techniques exist to simplify the model. For example,
when studying slow processes, mechanisms with short time scales can be assumed
to always be in steady state. The next chapters will describe some of the models
that are used to study epilepsy.

3.1 Seizure Prediction Algorithms Using Probabilistic

State Models

The uncertainty regarding when a seizure will occur is stressful for the patients.
Therefore many studies have been made on predicting seizures. One of the first
models for predicting seizures was based on a Poisson process (Milton et al., 1987).
It could predict the number of seizures a patient would experience during a given
time period. For 50 % of the patients the seizure occurrence was indistinguishable
from the Poisson process. Other patients experienced long periods without seizures
and then shorter periods with several seizures. The algorithm could not predict
these seizures. Therefore a second study was preformed modelling this kind of
cyclic behaviour with a two–state Markov mixture model (Albert, 1991). The model
consists of two states with transition probabilities. Each state has its own frequency
distribution corresponding to a Poisson distribution. The Markov mixture model
could predict seizures in some of the problematic patients where the Poisson process
model failed.

Moreover, a related experimental study showed evidence that focal neurostimu-
lation may be effective in reducing the seizure if it is delivered early in the seizure.
This increased the interest for developing models which could predict preictal pe-
riods and not only ictal. A model with a three state mixture was developed to
include a preictal state. The preictal state is an unobserved state and therefore
a hidden Markov model was used. In addition to the transition probability, the
model included the probability that the given state is observed (Wong et al., 2007).

These three models are stochastic dynamic models that are trying to mimic
a functional behaviour without considering the underlying mechanisms. This ap-
proach can be effective in developing a model with a specific behaviour but might
not help us understand the underlying mechanisms of seizures.

1
modelDB is available at the website http://senselab.med.yale.edu/ModelDB/

http://senselab.med.yale.edu/ModelDB/
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Figure 3.1: This figure is adopted from Berg et al (2004). Three–state re-
mission model. Probability over time since initial diagnosis of being in each of
three states. Individuals can move back and forth between state 2 (remission)
and state 3 (no longer in remission) but cannot move back into state 1 (never
in remission).

3.2 Modelling of Remission in Epilepsy Using Probabilistic

Models

After a patient has been diagnosed with epilepsy many of them experience remission
and relapse. In a study by Berg et al (2004) a Markov process was used to describe
remissions and relapses in children after they had been diagnosed with epilepsy.
This model is similar to the previous model but instead of predicting the probability
of a seizure it predicts the probability of being in a remission or relapse. In the study
they used two models – one with three states and one with seven states. The three
states in the model are: initial (no remission), remission, and relapse respectively.
In the model a patient can move between state 2 and 3 but not back to the initial
state 1. In the seven–state model a patient can never revisit a state; hence the
large number of states. The figure 3.1, from Bergs et al (2004), shows a patient’s
probability of being in remission or relapse. The probability of a patient never
experiencing any remission is 10 %. After being diagnosed, a patient’s probability
of remission and relapse changes rapidly and after five years the model is in steady
state. This does not mean that the patient is not changing states.

This kind of modelling describes the clinical course after a patient is diagnosed
with epilepsy. Results from the models imply that the brain can enter different
states that are more likely to generate seizures. Describing epileptogenesis can help
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researchers to identify what they are looking for in an experiment. For a patient,
a description of the clinical course can also be comforting to know.

3.3 EEG Modelling Using Lumped or Mean Field

Deterministic Models

Lumped models do not focus on the morphology of the cells and therefore use re-
duced cell models or in many cases model only neural populations, not single cells.
One of the first such models is the Wilson and Cowan model (Wilson and Cowan,
1972). It models two populations of neurons – one excitatory and one inhibitory.
By modelling these two populations brain oscillations can be studied. In an second
EEG model (Wendling et al., 2002) epileptic activity was produced by impaired
GABAergic dendritic inhibition. This model consists of four populations of neu-
rons: pyramidal cells, excitatory interneurons and two populations of inhibitory
interneurons. The two inhibitory interneurons differ in that one projects to the
soma of the pyramidal population and the other to the dendrites. As EEG is one
of the most widely used techniques for studying epileptic activity, lumped models
are excellent to model synchronised oscillations.

3.4 Detailed Multi–compartmental Neural Models in

Epilepsy

A detailed neural model has the morphology of a real cell and thereby many com-
partments. Therefore are detailed multi–compartmental models used in this thesis,
a longer description of the model will be provided in the next chapter. Detailed
compartmental models of neurons are usually computationally demanding and for
this reason they are rarely used for large neural networks. Instead they are used to
study the behaviour of single cells or small networks. The study of dendritic filtering
is a large field that uses detailed neural models. At present there are two popular
tools for developing multi–compartmental models, NEURON and GENESIS. Both
programs discretize the neuron and convert it into an equivalent electrical circuit.
An excellent example of how a model can be used to explain experimental data is
a compartmental model studying the effects of Lamotrigine (Poolos et al., 2002).
An in vitro experiment showed that Lamotrigine differentially affects excitability
in dendrites and the soma. The authors focused on a non–selective cationic current
(h). Since the h-channel’s density is different in dendrites and soma Pools et al set
out to test if this effect is due to Lamotrigine’s modulation of the h-channel. An
experimental study had shown that Lamotrigine shifts the h-channel’s activation
curve thereby increasing the current through the channel. The model showed that
a 10 mV shift of the h-channel activation curve is enough to produce the reduction
shown in the experiment.

A similar model was used in a study of mossy cell loss and mossy fibre sprout-
ing (Santhakumar et al., 2005). Seizures can alter the brain structure by mossy
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cell loss and mossy fibre sprouting. Mossy cells are specialized cells that play a role
in regulating excitability in the hippocampus. Mossy fibre sprouting refers to an
increase in synapses in mossy cells. The loss of mossy cells decreases the network
excitability while mossy fibre sprouting increases network excitability. With exper-
imental techniques it is complicated to separate the effect of mossy cell loss from
mossy fibre sprouting but with a model the alterations can be studied individually.
The model showed that even a low level of mossy fibre sprouting would be sufficient
to create a hyperexcitable network despite mossy cell loss.

In a model published by Traub et al (2000) a network with multi-compartmental
model of neurons was used to study fast ripples. Usually multi-compartmental
models are not used for large network models as they are computational demanding.
However, in this case the network was relative small and the cell model had few
compartments. The model included 384 interneurons and 3072 pyramidal cells.
Both synaptic couplings and gap junctions were included in the model. The model
showed that gap junctions between the pyramidal cell axons can generate high
frequency input to the interneurons. Even though the interneurons may spike at
the fast ripple frequency the pyramidal cells spike with a lower frequency.





Chapter 4

Models Used in This Thesis

Models are to be used, not believed.

—H. Theil

In this chapter the models used in this thesis will be presented and put in context
with other models used in epilepsy. I used a multi–compartmental model in this
work and therefore a short description will be provided in the next section.

4.1 Detailed Multi–compartmental Modelling Background

Compartmental models are widely used models for modelling neurons. They are
based on a spatial discretization of the neuron. The neuron is discretized into
isopotential compartments. In each compartment the ion channels are represented
by resistors and the charge stored over the membrane by capacitances (see fig-
ure 4.1). Each compartment can be described by an equivalent electrical circuit
and be solved numerically with for instance the Crank–Nicholson method. A com-
monly used model for describing the resistors, representing ion channels, is the
Hodgkin-Huxley model. It is based on “gates” which can be more or less opened.
The parameters of the gates are called gating parameters. The gate’s dynamics
is described by a steady state curve a time constant curve. From these curves
the conductance can be calculated as the product of the gating variables and the
maximum conductance. The current through the ion channel is the product of
the conductance and the driving force of the specific ions that are allowed to pass
through the channel. This driving force depends on ion concentration and mem-
brane potential. Compartmental models with a high number of compartments and
many ion channels are considered to be detailed multi–compartmental models.

21
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Figure 4.1: Compartmental model. This figure represents a model of the
passive properties of a neuron, using an electrical representation. The fig-
ure is adopted from the website: http://www.wam-bamm.org/Tutorials/genesis-
intro/tutfigs/compartmental-model.gif

4.2 Cell Model

I used a cell model based on a model published by Migliore et al (1999) to study
a hippocampal CA1 neuron. It is a detailed multi–compartmental model with
ion channels based on Hodgkin–Huxley kinetics. I focused my study on pyrami-
dal cells because fast ripple activity is belived to be produced by pyramidal cells
(Bragin et al., 2002). The model is discretized into 566 compartments. The three
channels included in the model were: transient sodium, delayed rectifier potassium,
and KA. KA channel dynamics are based on an experiment using single channel
recordings. There were two main findings from the study, the first was that the
conductance increased further out on the dendrites and the second was that the dy-
namics of KA was different in the proximal and the distal dendrites (see Biological
background). To simplify the problem I focused on the distal dendrites. I therefore
only used the distal model of KA throughout the dendrites. The rationale behind
this is that most of the synapses are located on the dendrites and not on the soma.

An initial test showed action potential generation in the dendrites and not
in the soma or axon hillock. I therefore reduced the conductance of sodium by
multiplying with a factor of 0.125 in the dendritic compartments and enhanced it
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Figure 4.2: Synaptic input with different synchronicity. The membrane poten-
tial is measured in the dendrite at the input site. The three figures show, from
the left to right, the synaptic input with a synchronicity level of 100 %, 70 % and
independent.

in the somatic compartments by 5.6. This also improved the model as it gave a
relative conductance of 45, which is consistent with experimental data on channel
densities in the action potential generating zone of the axon (Meeks and Mennerick,
2007; Kole et al., 2008).

Threshold currents may affect the result. Therefore two threshold currents,
the h-current and the persistent sodium current based on the Pools et al model
(2003), were added to the model in control simulations. As a control, all the main
simulations were repeated with Migliores et al’s original model (Migliore et al.,
1999). This model was used for studying backpropagating action potentials and
is denoted the bAP model. Our modified Migliore et al model, described in the
beginning of the section, will be referred to as the cell model.

4.3 Model of Synaptic Input and its Synchronicity

To model AMPA–type input of different synchronicity, ten synaptic inputs were
generated from a Poisson distribution with a frequency of 12 Hz. The synchronisa-
tion levels were defined as the percentage of the remaining time window not used
by the input. If the synchronicity level is 100 % all ten synaptic inputs are simul-
taneous. In table 4.2 the mean distance of synaptic inputs for the corresponding
synchronicity level is presented. If synchronicity is 0 % the inputs are independent
(see figure 4.2).

The synchronicity of the input was modelled according to Charcos Lloréns and
Fransén (2004). The simulation was run for 1.5 s resulting in at most 17 spikes.

Many studies have measured the EPSP in soma and because of this it is difficult
to know the shape of an EPSP in the dendrites. In the synaptic model the time
constants were based on the EPSP shape in the soma. The kainate/AMPA–type
synapses had a rise and decay time constant of 1.5 ms and 2.5 ms respectively. An
alternative model of the synapses was also tested. In the alternative model I used
a shorter time constant that generated an EPSP shape in the soma consistent with
experimental recordings of EPSP (Magee, 2000).
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Table 4.1: The table shows the time (in ms) between synaptic inputs for a select
number of synchronisation inputs. In the table, median refers to the median
value in the distribution of input intervals produced, 10 % refers to the shortest
intervals and 90 % covers almost all of the intervals produced.

100 % 90 % 70 % 40 % 0 % (Independent)
median 0 0.67 2.01 2,68 6.71
10 % 0 0.096 0.29 0.57 0.96
90 % 0 2.15 6.45 12.9 21.5

4.4 Model of Fast Ripple Input

During a fast ripple event the neuron population is activated synchronously with
a high frequency. In my work I focused on the spike activity during a fast ripple
event and not the mechanism generating it. Many studies have shown that gap
junctions are implicated with high frequency oscillations. Since it is still unclear
how gap junctions contribute to seizures we focus on the activity of the synapses
providing the excitatory input to the dendrites. CA1 cells are recurrently connected
with excitatory synapses. By providing such input to a pyramidal cell I could study
KA’s ability to reduce the neural response to a fast ripple event.

Fast ripples have abnormally high frequencies, which imply that this is a popu-
lation frequency and does not come from individual neurons, since CA1 pyramidal
cells cannot fire with that frequency over a longer period of time. As far as I
know the activity from several individual neurons during fast ripples have not been
recorded. Also on the single cell level there are gaps in our knowledge. I therefore
derived two fast ripple models from two different hypotheses relating to how fast
ripples can occur. The first is based on an in vitro study and the second is based
on an in vivo study. Both models are further described in the section below.

Fast Ripple Model: Spontaneous Synchronised Burst–type
Discharges

I study hippocampal CA1 neurons and they receive input from CA3 neurons.
(Bragin et al., 2002). CA3 neurons can activate CA1 synapses with burst–like
behaviour; however the mechanisms generating this CA3 burst–type activity are
not established. The burst of input to the CA1 cells generates a burst–type activ-
ity in the pyramidal cells. Fast ripple activity may occur when these burst–type
discharges are synchronised (Dzhala and Staley, 2004). This model is based on
data from the article of Dzhala et al (2004). In this article, spontaneous burst–
type neural discharges were recorded from brain slices. Inter spike intervals (ISI)
were measured with cell–attached recordings from CA1 and CA3 pyramidal cells.
To generate fast ripple oscillations, extracellular potassium was increased. During
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Figure 4.3: Model 1: Fast ripple synaptic input. The top three graphs repre-
sent spontaneous burst–type discharges of individual neurons. The left column
represents fast ripple activity and the right column is the control. The vertical
marks represent time points of synaptic input. The bottom graphs represent the
summation of all ten inputs.

high potassium concentration ISIs decreased and cell delay approached zero. Our
fast ripple input was generated by ten synapses that were activated according to
the ISIs measured during the increase in potassium concentration. The ten input
time series were evenly distributed with a time delay of 0.15 ms. For the control
case the ISI came from normal potassium concentration experiments and the delay
was 2.5 ms. This type of fast ripple input was added to five different locations on
the dendritic tree (see figure 4.3).

Fast Ripple model: Synchronised Ripples

When fast ripples are generated the neurons first synchronise and then the frequency
increases (Lasztoczi et al., 2004). We therefore hypothesised that fast ripples may
be a synchronised variant of ripples (Engel et al., 2009). Conversely, if the increased
synchronisation is suppressed this may reduce fast ripple activity. As mentioned
previously, the activity of several single cells during fast ripple has not been es-
tablished and we therefore do not know how synchronised the cells are. However,
ripples have been studied more thoroughly and I could therefore construct a model
of ripples. By increasing the synchronicity of the input in the ripple model we
generated our fast ripple model.

During a ripple only 11 % of the neurons participate in each ripple (Ylinen et al.,
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Figure 4.4: Model 2: Fast ripple model from synchronised ripples. Input repre-
senting synchronised ripples. The top three graphs represent ripple/synchronised
ripples discharges of individual neurons. The left column represents fast ripple
activity and the right column is the ripple. The vertical marks represent time
points of synaptic input. The bottom graphs represents the summation of all ten
inputs.

1995; Buzsaki et al., 1992). This generates a frequency of 22 Hz of single neurons.
Since I wanted to focus on the neurons making up the core of the ripple I used a
higher frequency. Ten synaptic input series with a frequency of 50 Hz were used.
As control I also tested the frequency 100 Hz. For the fast ripple the ten input time
series were evenly distributed with a time delay of 0.3 ms and for the control 1.1 ms
(Ylinen et al., 1995). Fast ripple input was added to five different locations on the
dendritic tree (see figure 4.4).

4.5 Our Models Compared to Existing Models in Epilepsy

In this section I will compare existing epilepsy models with our model. The Lamot-
rigine model (Poolos et al., 2002), described in the previous chapter, uses a model
similar to ours. The Lamotrigine model studies the cellular response to channel
modifications. Studying cellular behaviour with a single cell model is the conven-
tional way of using a single cell model. However, in our model we studied syn-
chronised network activity using a single cell model. I added synchronised network
input and studied the effect at the single cell level. This is a novel way of studying
“network” synchronicity. Many models that study synchronised activity use large
network models with reduced neuron models. The reduced neuron models typically
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have fewer compartments and it is therefore difficult to study dendritic filtering.
Our model has the benefit of a detailed dendritic tree and it has the ability to study
network phenomena, like synchronicity, as well.

4.6 Programs Used in the Thesis

Simulations were performed using the simulation environment NEURON1 (version
5.7). NEURON is a simulator that is used for cell and network models. NEURON’s
advantage over other tools is its adaptive time step. When the system changes
slowly the time step is long but when the system changes rapidly the time step
is shortened. In our simulation there were very small changes in the system for
long periods of time and therefore the adaptive time step reduced the simulation
time significantly. In NEURON the morphology of the cell is separated from the
compartmental structure. The dendrites are divided into compartments, which in
turn are divided into segments. This allows the user to increase the number of
segments without changing the compartmental structure.

MATLAB (version 7.6) was used for creating input to the model and analyzing
output. MATLAB is a tool for manipulating matrixes. MATLAB’s language is
compact and its powerful notation is ideally suitable for data analysis.

1
Is available at http://www.neuron.yale.edu/neuron

 http://www.neuron.yale.edu/neuron 




Chapter 5

In vitro Recordings in Pyramidal

Cells

One of the hallmarks of our approach is the

vigorous feedback between our computer models

and our laboratory work. The computer

simulations help us perform better experiments,

and the laboratory tests help us design better

simulation, and the overall combination saves

time and money.

—Lüttge

We have recently begun to experimentally investigate the potential suppression
of synchronised input by KA (Silberberg, Planert, Tigerholm, Fransén). The idea
behind the experiment was to reproduce the simulation of differential suppression
of the synchronous input in vitro. For experimental convenience the current in-
jections were moved from the dendrites to the soma, since it is more difficult to
perform membrane potential recordings and injections on thin dendrites than on
the relatively large soma. I therefore first simulated the experiment in the model
to find the input current which maximize the effect of reduction of synchronised
input.

5.1 Current Clamp Input from Computational Modelling

During the experiment a current, representing different levels of synchronised synap-
tic input, was injected in the soma. Since our model was developed for studying
inputs at the medial dendrites and the experiments were preformed in the soma.
This placement was tested in a computational bAP model. Three complications
appeared when moving the input from the dendrites to the soma. The first was

29
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that the conductance of KA was lower in the soma than in the dendrites (se section
2.6). The second was that the membrane time constant was larger in the soma due
to less active ion channels. The last complication was the shape of the EPSP, an ex-
planation for this will be provided in section 6.1. I used two different models of the
AMPA/kainate synapse (section see 4.2). When the first synaptic model, based on
somatic EPSP data, was added to the soma KA could not suppress synchronised
input. When the second model of the synaptic input, based on dendritic EPSP
data, was added to the soma KA could reduce synchronised input. The current
through this synapse model was used as input in the in vitro experiment.

5.2 Experimental Procedures

Parasaggital slices (300 µm thick) were obtained from young rats (PN 14–18) in
accordance with the guidelines of the Stockholm municipal committee for animal ex-
periments. Slices were cut in an ice–cold extracellular solution, kept in 35 o C for 30
minutes, and then moved to room temperature before recordings. Whole–cell patch
recordings were obtained from neocortical and striatal neurons at a temperature of
35 ± 0.5 o C. Recorded neurons were selected visually using IR–DIC microscopy
(Zeiss Axioskop, Oberkochen, Germany). The extracellular solution (both for cut-
ting and recording) contained (in mM) 125 NaCl, 25 glucose, 25 NaHCO3, 2.5 KCl,
2 CaCl2, 1.25 NaH2PO4, 1 MgCl2. Recordings were amplified using multiclamp
700B amplifiers (Molecular Devices, CA, USA), filtered at 2 KHz, digitized (5–20
KHz) using ITC–18 (Instrutech, NY,USA), and acquired using Igor Pro (Wavemet-
rics, OR, USA). Patch pipettes were pulled with a Flamming/Brown micropipette
puller P–97 (Sutter Instruments Co, Novato, CA) and had an initial resistance of 5–
10MΩ, containing (in mM) 110 K-gluconate, 10 KCl, 10 HEPES, 4 ATP, 0.3 GTP,
10 phosphocreatine, and 0.4–0.5 % biocytin. Liquid junction potential (10 mV) was
not corrected in any of the recordings. Recordings were performed in current–clamp
mode, with pipette capacitance and access resistance compensated for throughout
the experiments. Data was discarded when access resistance increased beyond 35
MΩ. Various current traces representing currents invoked by synaptic input were
injected in order to test neuronal responses to input with varying degrees of syn-
chrony. The recorded voltage response was then analyzed in terms of discharge
responses (produced number of action potentials) as well as in terms of membrane
potential pattern.



Chapter 6

Results and Discussion

The goal is to understand the mechanisms of

epilepsy, which are not known, and create

better treatments for this terrible disorder.

—B. Ross

6.1 Effect of Synchronised Activity by KA

The ability of KA to reduce synchronised input will be studied in this section. It is
important to validate model predictions with experiments. After each simulation,
the result of the simulation will be compared with the corresponding experimental
result. In one case experimental data was analysed using the model.

KA Selectively Reduces the Cellular Response to Synchronised
Input (Paper I)

According to conventional thinking and consistent with basic biophysics, synchro-
nised input is more efficient in activating the cell since it generates a larger de-
polarisation. Our model predicts that this is not the case for highly synchronised
input when KA is present. I measured the cellular response to various levels of syn-
chronised input. The result is shown in figure 6.1. When the synchronicity level is
100 % all input is simultaneous and at 0 % all input is independent. When KA is not
present, synchronised input is the most efficient input to activate the cell. Highly
synchronised input synchronises cells and thereby increases synchronised activity.
This generates an autogenerative process that might lead to seizures (Chiu et al.,
2006; Bragin et al., 2002).

When KA is present, there is a strong reduction of spike activity in the span of
90–100% synchronised input. In conclusion the results show that KA can reduce

31
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Figure 6.1: Differential suppression of synchronous input. The top left fig-
ure A. shows the membrane potential at the input site with 100 %, 90 % and
independent input respectively. B. Membrane potential in the soma without KA
present. The graph show, from the top, simulations of 100 %, 90 % and 70 %
synchronous input. C. Membrane potential in the soma with KA present. The
graph shows, from the, top simulations with 100 %, 98 %, 95 %, 90 %, 70 %, and
40 % synchronous input. D. Synchronised input is strongly suppressed by KA.
The figure shows the number of spikes produced by various synchronicity levels.
The black dashed line represents a baseline control without KA; the blue line is
with KA. Note the pronounced suppression in the 90–100 % interval.
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Table 6.1: In vitro experiment testing the cellular response to two levels of
synchronised input, 100 % and 98 %. The experiment was preformed by Silberberg
and Planert.

Input cell 1 cell 2 cell 3 cell 4
Synchronised (#spikes) 10 21 13 26
Semi–synchronised (#spikes) 15 29 15 29
Reduction( %) 33 28 13 10

highly synchronised input while minimally affecting lower levels of synchronised
input.

In vitro Recordings Show Suppression of Synchronised Input
(Unpublished)

We have recently begun to experimentally investigate the potential suppression of
synchronised input by KA in collaboration with Silberberg and Planert. In our
experiment we tried to mimic the simulation described in the section above. A
current was injected in pyramidal cells that corresponded to synaptic activation in
the dendrites. The membrane potential was measured in four pyramidal cells during
the experiment. Two types of current were injected, representing synchronised
(100 %) and semi–synchronised (98 %) synaptic input. The results are presented
in table 6.1. During synchronised input cellular response decreased by 10–33%
compared to semi–synchronised. This result confirmed the prediction from the
simulation. Cell 1 was first injected then cell 2 and so on. Table 6.1 also shows
that differential reduction decreases with time. Our model predicts that reduction
of synchronised input is greater in the dendrites than in the soma (see section
The Suppression is a Dynamic Phenomenon). Therefore the reduction may be
even greater in the dendrites than 10–33 % as seen in the soma. This reduction of
synchronised input might play an important role in regulating highly synchronised
networks.

Figure 6.2 shows traces of the injected current and the cellular response in terms
of membrane potential. To avoid the effect of washed out protein, which might
modulate KA, stimuli representing synchronised (100 %) and semi–synchronised
(98 %) were alternated. Despite the significantly higher amplitude of the current in
the synchronised case the spike activity was lower. When the current corresponding
to the semi–synchronised input was injected again, cellular activity resumed to
the previous state. This showed that cell excitability did not change during the
experiment.

The spikes in the synchronised case were delayed compared to the
semi–synchronised case. This is a well known effect of the KA current (Hoffman et al.,
1997). This supports our interpretation that reduction of synchronised input is due
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Figure 6.2: Current and voltage traces from in vitro recordings. The traces
at the top show the current injected. On the left is the semi–synchronised case
and on the right is the synchronised case. The traces at the bottom show the
membrane potential for various current injections into cell 2. From left to right:
semi–synchronised, synchronised, semi–synchronised and synchronised. This is
the order the current was injected in the experiment. The experiment was pre-
formed by Silberberg and Planert.

to KA.

The Selectivity of KA Originates from its Combination of Fast
Activation and Slow Inactivation (paper I)

To understand how KA can selectively reduce synchronised input, two simulations
with different synchronised input were compared. The synchronicity levels used in
these simulations were 100 % and 90 %.

The figure 6.3 shows the results from the simulations. The KA current is four
times higher for the synchronised input compared to the semi–synchronised in-
put. How can KA differentiate between synchronised and semi–synchronised input?
Since synchronised and semi–synchronised input has different shape of the depolar-
isation KA can differentiate between them. When KA is not present synchronised
input generates a large and a rapid depolarisation and semi–synchronised input
generates a lower, slower depolarisation. Larger depolarisation, generated by syn-
chronised input, activates the neuron more efficiently than semi–synchronised input.
However when KA is present this is not the case. When the membrane potential
increases rapidly the KA channels have time for activate but do not have time to
inactivation. This gives rise to a large KA current, which is an outward positive
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Figure 6.3: Activation of KA by synchronised versus semi–synchronised in-
put. Synchronous input (100 %), shown in red, activates KA more than semi–
synchronous input (80 %), shown in black. A: Membrane potential in the soma.
Inset shows initial slope of EPSP more clearly. B: Current through KA at input
site. C: Activation of KA at input site. D: Inactivation of KA at input site.

current making the cell less excitable and thereby preventing it from becoming acti-
vated. Semi–synchronised input generates a smaller, slower depolarisation thereby
making it less efficient to activate the neuron. Semi-synchronised inputs produce a
slow increase in membrane potential giving KA time to inactivate which results in
a smaller KA current. This result indicates that the time constant for inactivation
may play a crucial role in the ability of KA to suppress synchronised input. At
the end of this chapter the effect of the time constant on this suppression will be
investigated.

Using Experimental Traces in a Dynamic Clamp Simulation
(unpublished)

It is difficult to study the dynamic parameters of KA during in vitro experiments.
Therefore the cell model was used to study the current, activation and inactivation.
In the simulation the membrane potential was dictated by the experiment. In figure
6.4 the dynamic parameters of KA are presented during a simulation. When input
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Figure 6.4: Dynamic clamp simulation using experimental voltage trace. The
red traces represent the synchronised case and the black the semi–synchronised
case. A. The membrane potential measured in the experiment. B. KA current
predicted by the model. C Activation of KA predicted by the model. D. Inacti-
vation of KA predicted by the model.

is added to the soma, as the case in the experiment, it is difficult to differentiate
between the depolarisation caused by the input and the depolarisation caused by
the action potential. When the membrane potential is above a specific threshold,
sodium channels are activated and initiate an action potential. In figure 6.4 sodium
is activated after 2.7 ms in the semi–synchronised case. This produces an increase
in the membrane potential, thus the higher KA current.

Before 2.7 ms, the point where the action potential starts, the membrane depo-
larisation is due solely to the input. Up to this point the KA current is significantly
higher in the synchronised case. The inactivation of KA is similar for the synchro-
nised and semi–synchronised cases despite the difference in membrane potential.
For the synchronised case inactivation is not fast enough to keep up with the rapid
change in membrane potential. Conversely, activation with its faster dynamics
follows the rapid change, hence the higher current in the synchronised case.

The model shows that KA could be responsible for reducing activity in the
synchronised case in the in vitro experiment. Further, the selective reduction of
synchronised input is due to the inactivation kinetics of KA.



6.1. EFFECT OF SYNCHRONISED ACTIVITY BY KA 37

0 10 20 30 40
0

0.05

C
ur

re
nt

   
 (

m
A

/c
m

2 )

0 10 20 30 40
0

0.05

0.1

A
ct

iv
at

io
n

0 10 20 30 40
0

0.5

Time (ms)

In
ac

tiv
at

io
n

A

B

C

Figure 6.5: Dynamic parameters of KA. Synchronous input (100 %). The
dashed lines represent the dynamic parameters of KA in steady state. A: Cur-
rent through KA at input site. Note the difference in current around 6 ms. B:
Activation of KA at input site. C: Inactivation of KA at input site. Note the
difference in inactivation around input time of 2–10 ms. The interval 2–10 ms
shows that the effect seen in B originates from the dynamics aspects of KA.

Suppression is a Dynamic Phenomenon (Paper I)

In this section the dynamic aspect of the ability of KA to suppress synchronised
input will be discussed. During a simulation the gating variable of KA was observed.
To investigate the dynamic impact on the result, another simulation was performed
when the time constant of the gating parameters was set to zero. This is equivalent
to using the steady–state activation and inactivation curves directly to compute the
conductance. The results from these two simulations are presented in figure 6.5.
The KA current was almost zero when the time constant of the gating parameters
was set to zero. The major difference is found in the inactivation curves. If the time
constant is zero, KA inactivates instantaneously and less current will flow through
the channel. This indicates that the time constant of inactivation plays a crucial
role in reducing synchronised input.
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KA can Reduce Synchronised Input More Effectively in the
Dendrites (Unpublished)

When the input is placed closer to the soma reduction of synchronised input de-
creased as compared to the more distal input used in most of our work. This can
be understood in terms of several factors that differ between the soma and the den-
dritic tree. One such factor is the strength and dynamic properties of the synapse.
Synaptic input close to the soma results in a broad and low EPSP whereas further
out on the dendritic tree the EPSP is narrower and higher. There are two expla-
nations why a larger EPSP produces a higher KA current. The first explanation
is that KA activation is voltage dependent, the higher the membrane potential the
stronger the activation. The second explanation is that the time constant of inac-
tivation is voltage dependent. When the membrane is more depolarised the time
constant of inactivation is longer. Since the time constant of inactivation is longer
the current will be higher.

Another contributing factor is the difference in the dynamics of KA along the
dendrite. As mentioned earlier, KA has a different dynamic in the distal and prox-
imal dendrites. The activation curve is steeper in distal dendrites and thereby KA
is more strongly activated in distal dendrites. Another difference is density, which
increases further out on the dendritic tree. Both of these factors contribute to an
increase in KA current in the distal dendrites.

The KA Selectivity can be Modified (Paper I)

Previously in this chapter I suggested that the time constant of inactivation is im-
portant for suppressing synchronised input. The figure 6.6 shows the ability of KA
to suppress synchronised input when the inactivation time constant changes. The
interval of reduced spike activity changed from 95–100% to 80–100% synchronised
input when the inactivation time constant was varied. Thus, not only can KA se-
lectively reduce synchronised input but its selectivity can be modified by changing
its dynamic parameters. DPPXs and KChIPs change the time constant of inacti-
vation. Therefore DPPXs and KChIPs may regulate synchronised activity. Since
synchronised activity has been implicated in memory consolidation and neurologi-
cal diseases it is important to understand how it is regulated (Uhlhaas et al., 2008;
Herrmann and Demiralp, 2005).

KA Selectivity is Independent of the Number of Inputs (Paper I)

The low number of synaptic inputs (10) in the model is motivated by sparse activity
in the hippocampus (Buzsaki et al., 1983; Frank et al., 2001). To investigate if the
number of inputs would affect our results I varied the number of inputs in the cell
model. The figure 6.7 shows spike activity for different synchronicity levels when
the number of inputs varied. When the number of inputs increased, fluctuation
of the compound EPSP, due to randomness, decreased. In other words compound
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Figure 6.6: Selectivity to synchronised input varies when KA dynamics are
modified. Changes of the inactivation time constant, representing modulatory
influences of e.g. auxiliary proteins. The solid blue curve shows the result with
standard values of KA. The red, magenta, light green black, purple and cyan
dashed curves represent decreasing inactivation times in increments of 1 ms.
Dark green and solid cyan curves represent increasing inactivation time constant
in steps of 1 ms. Note the significant difference in reduction of synchronised
input, effectively covering the interval 80–95 %.
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Figure 6.7: Suppression is maintained when changing the number of synaptic
inputs. Differential suppression by KA is maintained when increasing the number
of inputs from 10 (upper left) to 20, 30, 50, 75 and 100 (lower right).
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EPSPs get smoother. When randomness decreases the cell becomes more binary,
it either gets activated by the input or not. This generates the square shape of the
spike activity when the number of input increases. The ability of KA to selectively
reduce synchronised input does not vary much with the number of input.

6.2 Effect of Fast Ripple Activity by KA

Many studies have focused on population activity but little work has been done on
the activity of single neurons during fast ripples. I used two models of fast ripples
that are based on two different hypothesis of single cell activity during fast ripples.
In the next two sections the results from the two models are presented.

Fast Ripples Modelled as Spontaneous Synchronised Burst–type
Discharges (Paper I)

According to Dzhala and Staley (2004), spontaneous synchronisation of burst pat-
terns is the mechanism behind fast ripple generation. In their study they measured
spontaneous bursts in hippocampal CA1 and CA3 pyramidal cells. During fast rip-
ple activity the pyramidal cells decreased their ISI compared to control conditions.
Also the delay between the bursts approached zero. Figure 6.8 shows a reduction
in spike activity when KA is present in the fast ripple model. Importantly, KA
does not reduce activity for normal spontaneous burst type discharges while it sup-
presses fast ripple activity. When KA is not present in the model, fast ripple input
generates high spike activity. The current through the KA channel is high both
at the beginning and the end of a fast ripple. In the middle the current is low
since inactivation is too slow to keep up with the rapid increase and decrease of the
membrane potential. Even though KA did not fully prevent the cell from becoming
activated by fast ripple activity, reduced activity can be important in a recurrent
network. In this type of networks, KA could convert a positive feedback loop to a
negative feedback loop by reducing the number of produced spikes.

Fast Ripples Modelled as a Synchronous Ripple (Paper I)

The model was based on data from an in vivo study by Yilinen et al (1995). In
the study they measured several cells during ripple activity. From this data we
could construct a ripple input model. The fast ripple was modelled as a ripple of
enhanced synchronicity.

The figure 6.9 shows that KA can prevent the cell from becoming activated
by input generated by a fast ripple. In the same figure the gating variable of
KA is shown. Slow inactivation is unable to keep up with the variation in the
membrane potential during a fast ripple, resulting in increased current. As a control
we increased the input frequency to 100 Hz and KA still prevented the cell from
becoming activated by input generated by a fast ripple.
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Figure 6.8: Model 1: KA reduces response to fast ripple input. The first col-
umn represents the membrane potential measured in the soma. The second col-
umn represents the current through the KA channel measured at the location
where the synaptic input was added. The third column represents gating vari-
ables of the KA channel measured at the location where the synaptic input was
added. The black line represents activation and the red line inactivation. At
five different distances from the soma ten synaptic input time series were added.
The input time series for fast ripple model had the ISI: 3.8, 4.5, 4.9, 6.8, 7.2,
8.6, 9, 10, 10, 10 and for control: 5, 7, 9, 10, 10, 10, 10, 10, 10, 10. In the fast
ripple case the ten synaptic time series were evenly distributed with the distance
0.15 ms and for control 2.5 ms. A: Fast ripple with no KA present. B: Fast
ripple with KA present. C: Control. Note the reduction in spike activity in the
fast ripple model when KA is present.

Summary of Results on Fast Ripples

Both models, spontaneous synchronised burst–type discharges and synchronous
ripples, showed a reduction in spike activity during fast ripple activity. Fast rip-
ples have been suggested to be involved in generating seizures (Engel et al., 2009).
By suppressing fast ripples KA can prevent the activity from spreading thereby
possibly preventing a seizure. This is in contrast with many antiepileptic drugs
(Soltesz and Staley, 2008; Dichter and Brodie, 1996) that downregulate cell ex-
citability by targeting sodium channels or GABA–receptors. These antiepileptic
drugs affect the cell during normal brain activity and can thereby cause signifi-
cant side–effects. KA on the other hand mainly affects the cell when it is exposed
to abnormally high–synchronised input. In healthy individuals KA may work as
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Figure 6.9: Model 2: KA reduces response to fast ripple input. At five different
distances from the soma ten synaptic input time series were added with various
frequencies. The three first columns correspond to the simulation when the in-
put frequency was 50 Hz. The fourth column represents the membrane potential
measured in the soma when the input frequency was 100 Hz. The first column
represents the membrane potential measured in the soma. The second column
represents the current through the KA channel measured at the location where
the synaptic input was located. The third column represents gating variables of
the KA channel measured at the location were the synaptic input was added. The
black line represents the activation and the red line represents inactivation. In
the fast ripple model the ten synaptic time series were evenly distributed with
the distance 0.3 ms and for control case (ripple) 1.1 ms. A: Fast ripple model
with no KA present. B: Fast ripple model with KA present. C: Control. Note
the reduction in spike activity in the fast ripple model when KA is present.

a protection against fast ripple activity. In some patients with epilepsy this pro-
tection may be downregulated or dysfunctional leading to increased susceptibility
to seizures. Other patients may have a functional KA but the cell is exposed to
abnormally high synchronised input due to other factors. In both these cases an
upregulation of the KA current would be beneficial in reducing epileptiogenic ac-
tivity.

6.3 Effects of Downregulation of KA Induced by

Epileptogenic Activity

The results presented in this section are unpublished results. In one patient with
temporal lobe epilepsy, a mutation was discovered in the KA gene KV 4.2 (Singh et al.,
2006). The mutation did not change the steady state curves or their time constants.
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Figure 6.10: Effects of Downregulation of KA. The four traces represent
KA conductance of 100 %, 95 %, 90 % and 85 %. Note the lack of reduction of
synchronised input when the KA conductance was reduced to 85 %.

Even though the density of the channels had not changed, a significant reduction in
the current was recorded in the mutated KA channels. In our model this reduction
in current could be represented by a reduction in conductance. Figure 6.10 shows
the effect of decreasing the conductance of KA. When KA is lowered to 85 % of its
original value KA cannot reduce synchronised input anymore. Other studies have
shown that the gene expression of KA is downregulated after seizures (Francis et al.,
1997; Tsaur et al., 1992). Thus, if a patient has a seizure this may decrease KA
leading to a higher risk of new seizures.

6.4 Validation of the Parameters in the Model

Not all parameters in the models are available from experiments, and some might
not even be possible to measure directly. Unknown parameters pose a problem
when constructing a biophysically based model – this is a known problem with such
models. Whenever possible, parameters are constrained either directly or indirectly
by experiments. For example, the ion channel conductance is usually chosen to
create a model that is consistent with a desired physiological behaviour. Our cell
model was originally created by Migliore et al (1999) to study backpropagating
action potentials. I modified the model because it was highly excitable and this
was not appropriate for our study (as discussed in section 4.2). There are many
solutions to determine the conductance of a model. In this section the conductances
will be evaluated for our cell model and the bAP model.

Delayed Rectifier and KA Conductance (Unpublished)

In the cell model we changed the conductance of KA to compensate for the reduction
of sodium (see section 4.2). The steady state parameters but not the conductance,
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Table 6.2: The peak potassium current during an voltage step. The table lists
the potassium currents in the models along with the experimental value mea-
sured by Hoffman et al (1997). * the value for the second fast ripple model
(synchronised ripples).

KA Delayed rectifier potassium
(pA/µm2) (pA/µm2)

Experiment 35±2 9±10
Synchronised model 79 45
bAP model 603 45
Fast ripple model 879 (690*) 45

of the two potassium channels used in the model are based on an experimental study
using single channel recordings (Hoffman et al., 1997). In this study they measured
the peak current during a voltage step form -85 to 55 mV. By simulating the same
voltage step in our model I could compare the peak current with experimental data.
The conductance of KA was different for the synchronised input (synchronicity
model) and fast ripple input (fast ripple model). For the delayed rectifier potassium
channel the conductance was the same for both the synchronicity model and fast
ripple model. The peak current of KA from the synchronicity model differs with
a factor of 2 from experiment, which is acceptable (se table 6.2). For the delayed
rectifier potassium the peak current is increased by a factor of 4, which is reasonable.
In the fast ripple model the conductance of KA was 25 times higher than the
experimentally measured value in order to sustain a reduction of fast ripple activity
(se table 6.2). In future work this value will be decreased to be more consistent
with the experimental value.

Conductances of the delayed rectifier potassium channels were the same for both
synchronised and fast ripple input in the bAP model by Migliore et al (1999). In
the same model the difference between peak current from simulation and experi-
ment was a factor of 20 (se table 6.2). Even though the model was based on the
experiment the values differed greatly. Is this an indication that the bAP model
had a too high conductance of KA? For computational models it is important that
the model is suitable for the objective. For Migliore the objective was to study the
amplitude of the backpropagating action potential. In some cases it is more impor-
tant to generate correct behaviour than having the right conductance. One reason
for the high conductance might be too few types of ion channels in the model; the
model consisted of only three channels types. In a simplified model it might also be
necessary to increase the KA conductance to compensate for some mechanism that
has been omitted. The conductance in the bAP model was chosen to be consistent
with results from experiments. One experimental result they intended to mimic was
an action potential generation in the dendrite when most of the KA was blocked.
Another experiment they intended to model was the reduction of backpropagating
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Figure 6.11: Sodium current in the model and experimental data. Left:
Sodium current during a simulated voltage step from -70 mV to -40 mV, -30 mV
and -20 mV. Right: Sodium current recorded in the dendrite of a rat CA1 cell
(Magee and Johnston, 1995) during a voltage step from -70 mV to -40 mV, -
30 mV and -20 mV.

action potentials in the dendrites. This might give an explanation to the high peak
current of KA in their bAP model.

Sodium conductance (Unpublished)

The sodium conductance was compared to the dendritic recordings made by Magee
et al (1995). A series of voltage steps from -70mV to -40mV, -30mV and -20mV was
simulated to replicate their experiment. We used the same sodium conductance for
the synchronicity model and the fast ripple model. The result from our models (the
synchronicity model and the fast ripple model) is shown in figure 6.11 on the left.
The corresponding experimental data is on the right. The time dynamics and peak
amplitude are congruous for our cell model and the experiment. Figure 6.12 shows
the sodium current from a simulation with the bAP model during a voltage step.
In the bAP model the peak sodium current was a factor of four larger compared
to the experimental value. Maybe this was done in order to compensate for the
high conductance of KA? In modelling, the ratio between different currents may
be more important than the absolute value.
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Figure 6.12: Sodium current in the bAP model and experimental data. Left:
Sodium current during a simulated voltage step from -70 mV to -40 mV, -30 mV
and -20 mV. Right: Sodium current recorded in the dendrite of a rat CA1 cell
(Magee and Johnston, 1995) during a voltage step from -70 mV to -40 mV, -
30 mV and -20 mV.



Chapter 7

Future Work

This study predicts that KA reduces synchronised input and that this is benefi-
cial for reducing network epileptogentic activity. Our in vitro experiments show
a reduced response to synchronised input compared to semi–synchronised input.
Simulations showed that this may be due to slower KA inactivation. As this is be-
ing written, we are planning a new in vitro experiment where KA will be blocked.
The outcome of this experiment should show whether or not KA is responsible for
reducing synchronised input. An ongoing project concerns the implementation of
the model in a network. There I plan to include pyramidal cells and inhibitory
interneurons. In a recurrent network small effects on the single cell level can be
significant for network activity. This may allow us to reduce the high conductance
of KA in the fast ripple model.

Seizures can be induced in epileptic animal models by increasing sodium currents
(Guo et al., 2007). Sodium is not linearly dependent on the voltage. Synchronised
input has high amplitude and will therefore be more amplified by sodium channels
whereas semi–synchronised input has lower amplitude and are therefore less ampli-
fied by sodium. It would be interesting to investigate whether an upregulation of
the KA current would compensate for the increase of sodium current.

A clinical study (Singh et al., 2006) has indicated that in patients with epilepsy
the KA channel may be dysfunctional in some way. If characteristics of this dys-
functional channel is incorporated into our model we could investigate how the
dynamics of KA of the patient could be modified to behave like a healthy channel.
To find the changes needed to convert the non–functioning channel, an optimizer
will be used. Currently, various optimization methods are being evaluated to find
the most suitable optimizer for our model. It is a difficult model to optimize since
it is stochastic, has discrete output, the input variables are dependent and it is
computationally demanding. Ultimately, when the dynamic modification of KA
has been identified it can be linked to modulatory proteins like KChIP, DPPX,
PKA and PKC. Identifying the proper combination of these proteins would be of
great interest to drug development.
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