
Frameworks for improving brain 
network interventions through 

computational models

Frances Emma Hutchings

BA (Hons) (Durham) 2009
MSc (Newcastle) 2014

This thesis is submitted for the degree of
Doctor of Philosophy

School of Computing Science
Newcastle University

March 2019





Acknowledgements

I would like acknowledge the invaluable help and support of my supervisor, Professor

Marcus Kaiser, particularly for his calm patience and insightful ideas whenever I lost my

sense of direction. Dr. Peter Taylor and Dr. Yujiang Wang deserve my most sincere

thanks. Dr. Taylor in particular for his guidance on the surgery prediction part of this

thesis, which would not have been possible without his expertise. It was Dr. Taylor’s

fantastic supervision during my Masters studies which gave me the confidence and enthu-

siasm to continue with research at PhD level. Dr. Yujiang Wang has generously given

me expert help and guidance whenever it has been needed. Christopher Thornton shared

both an office with me as well as the experience of working with VERTEX. His work on

point stimulation, the pde toolbox integration and spike timing dependent plasticity has

been particularly important for my own work, and on top of all that he has been a good

friend who I am priviliged to have shared the PhD journey with. Dr. Jannetta Steyn also

shared an office with me for a time, and gets a mention for her friendship and electronics

expertise - making a DIY tDCS which we never quite plucked up the courage to test!

Finally, Dr. Vicky Bending and my brother, Edward, have been both constant friends

and patient enough to answer any and all questions I’ve had about physics and maths.



Contributions

Chapters 3 and 4 use the VERTEX simulator, which was originally developed by Dr.

Richard Tomsett and has been further developed by Christopher Thornton.

Chapter 5 was written with contributions from a number of people: The work was con-

ceived, planned and data analysed with guidance from Dr. Peter Taylor and Professor

Marcus Kaiser. The data for the work was aquired and processed by Dr. Bernd Weber,

Dr. Cheol Han and Dr. Peter Taylor. The paper was written with guidance from Dr.

Peter Taylor, Prof. Marcus Kaiser, Dr. Bernd Weber, Dr. Cheol Han and Dr. Simon

Keller. Figure 5.1 and figure 7 were created by Dr. Peter Taylor.

Funding for this PhD project was provided by the EPSRC, award reference number:

1516871.

All other work and writing in this thesis was carried out by Frances Hutchings.



Abstract

Disorders which impact the whole brain, such as epilepsy, depression and schizophre-

nia, have a severe impact on people’s lives. Pharmaceutical therapies act on a systemic

level and can result in numerous unpleasant side effects. Targeted clinical treatments,

like epilepsy surgery, have variable success rates. Alternative targeted therapies such as

transcranial direct current stimulation (tDCS) have shown promise for treating brain dis-

orders. tDCS involves applying small electric fields to the brain with minimal reported

side effects. However, tDCS is hampered by variability in efficacy, which has prevented

widespread clinical adoption.

In this thesis I implement computational models that can take patient-specific data

to predict treatment efficacy. In chapter 3 I show an implementation of a model of

tDCS at the level of brain tissue. Current finite element models (FEMs) can provide

patient-specific predictions of current flow, but they cannot predict the functional impact

on neural activity. I develop a model that takes a FEM electric field as an input and

predicts its effect on neural tissue. I validate this model with comparison to published

experimental data.

In chapter 4 I apply the model to predict the impact of electric fields on tissue ex-

hibiting beta oscillations. Beta oscillations are linked to a number of disorders, including

movement disorders (Basha et al., 2014; Little and Brown, 2014) and epilepsy (Koelewijn

et al., 2015; Hamandi et al., 2011). The model is additionally extended to have multiple

regions. I show that stimulation effects can spread to, and accumulate in, untargeted

regions.

Finally, in chapter 5 I move to a whole brain model using patient derived connectivity.

This model provides a framework for personalising surgery procedures based on patient

connectivity data.

The models I present provide frameworks for computational approaches to improve

clinical practice. By using computer modelling patient-specific approaches become tractable.

I hope that this work will facilitate patient-specific treatment planning, leading to im-

provement in clinical treatment for a range of neurological disorders.
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CHAPTER 1

Introduction

This chapter introduces the main ideas in the thesis and discusses the scope, motivation

and main contributions. I introduce three main problems that I intend to address in

the thesis. I then summarise the work presented in the thesis to address these needs. I

propose that the models this thesis presents will address the current need for personalised

medical treatment, particularly in the fields of electric field stimulation and epilepsy

surgery prediction.

1.1. Motivation of the Thesis

The aim of the work in this thesis is to lead to improvements in the effectiveness of

existing treatements for brain disorders. This, of course, is only necessary if there is

room for improvement. The two areas I focus on in this thesis, surgical intervention for

epilepsy and treatment of network disorders using transcranial current stimulation, are

interventions for which the success rates could be greatly improved.

1.1.1. The need for alternative interventions in brain disorders.

For disorders of the brain drugs are often the first line of treatment. However, drugs

affect all areas of the brain, which can often cause detrimental side effects. Targeted

therapies are therefore of clear benefit in clinical medicine. The most widely employed

of these is surgery, removing, ablating or disconnecting a targeted area of tissue to treat

an underlying problem. Destruction of tissue is often undesirable, and non-invasive brain

stimulation (NIBS) is an alternative targeted intervention which can interact with brain

tissue for therapeutic effect (Wagner et al., 2007; Hummel et al., 2006; Utz et al., 2010).

This is particularly useful for disorders where surgery is not an option, either because the

affected regions are in eloquent tissue or because the disorder does not have a clear known

location of abnormality. Psychiatric disorders, for example, are often difficult to associate

with a biological correlate and may involve abnormalities in many different areas of the

brain network (Drevets et al., 2008; Menon, 2011).
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One issue with these targeted interventions is variability in experimental results. It is

likely that individual differences in cortical thickness, neuron density, brain folding and

network connectivity at both the local level of neurons (within a region) and the global

level (of interregional connections) may have an effect on the activity changes that NIBS

produce (López-Alonso et al., 2014), and on network changes following surgery (Negishi

et al., 2011). By region here, and in the rest of this thesis, I am referring to areas of

neural tissue divided up by anatomy and function at a level lower than brain lobes. A

computational model to better characterise how different types of NIBS are dependent on

variations in individual brains will improve our understanding of the mechanisms of NIBS

and may allow for personalised predictions of whether an intervention will be successful

or not. There are a small number of models which can incorporate individual MRI data

to get a personalised electric field estimation (Datta et al., 2009, 2012; Windhoff et al.,

2013). However, the model presented in chapter 3 is the first to allow a prediction of the

neuronal response to a personalised electric field.

1.1.2. The need for personalised intervention in brain diseases.

Treating each patient as an individual, rather than generalising treatments across all

patients, is one way to potentially increase the success rates of interventions (Kitsios and

Kent, 2012; Golubnitschaja et al., 2012). There are many ways in which people vary,

and even focusing in on the brain individual variations are still very evident. Each brain

is unique in morphology, size, connectivity, folding, and many more ways which can be

difficult to measure. Personalised medicine has measurement challenges and is potentially

more expensive and time consuming (Ciardiello et al., 2014). Computer modelling can be

a useful tool to speed up personalised data analysis and produce personalised treatment

predictions with minimal costs and time commitment from clinicians.

This thesis particularly focuses on individual connectivity and background brain ac-

tivity. The network of neural connections is different for every individual, and for any

intervention impacting the brain it is reasonable to assume that connectivity may influ-

ence the effects of the intervention (López-Alonso et al., 2014). Chapter 4 expands the

NIBS model introduced in chapter 3 to exhibit different background oscillations and to in-

corporate interregional connectivity. This allows the model to take in further personalised

data, providing individialised predictions for an alternative intervention.
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Connectivity can be particularly critical in any disorder where there is a spreading of

activity, for example epilepsy (Luo et al., 2011) or migraine (Chong et al., 2017). Devel-

opments in brain imaging have increased our ability to gather data about the individual

characteristics of patients’ brains, and with it the potential for including this data in

models of both disorders and prospective interventions. This leads us on to the final

challenge: the need for improved surgical intervention in epilepsy.

1.1.3. The need for improved surgical intervention in epilepsy.

In chapter 5 I focus on creating a modelling framework for predicting individualised

epilepsy surgey approaches. Surgery is in many cases the last resort for epilepsy, and it

is usually only carried out when pharmaceutical therapies have failed to reduce seizure

frequency to reasonable levels, or when medication is poorly tolerated. The general con-

sensus is that surgery significantly reduces seizures in roughly 70% of cases (Spencer and

Huh, 2008). However there is some variability in the surgery success rates reported in

the literature, and longditudinal studies tend to report more relapses over longer time

periods (Hemb et al., 2013; de Tisi et al., 2011). When taking into account that surgery

is invasive, potentially dangerous, and can result in negative side effects, improving this

success rate becomes a more urgent issue. Surgery is generally only carried out for focal

epilepsies, and the most common of these is temporal lobe epilepsy (TLE), which is the

focus of the modelling work presented in chapter 5 of this thesis.

1.2. Scope of the Thesis

This thesis is focused on computational modelling for improving and optimising medical

interventions for brain disorders. I develop models at both the micro and macroscale,

with the potential in the future to combine the two. I begin by introducing a model

for electrical current stimulation, and covering the implementation and validation of the

model.

Electric current stimulation has potential as an intervention for a variety of disorders,

but there are currently few predictive models which go beyond estimating the current

distribution. The model introduced here predicts from the current distribution how the

underlying neuron populations may react to the current stimulus. This model is an ex-

tension of the VERTEX (Virtual Electrode Recording Tool for EXtracellular potentials)
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modelling software, an established MATLAB toolbox for modelling neural tissue (Tom-

sett, 2014). A general framework is presented for how this modelling software can be used

to explore the influence of electrical stimulation further than can currently be achieved

in in vitro settings. The use of the model is then demonstrated with example simulations

and validated by comparing model results to published literature. I show that the model

can successfully capture key features of the tissue response to stimulation.

The following chapter further explores the VERTEX stimulation model by making

predictions about the impact of stimulation on tissue, based on the orientation, intensity

and background activity. I show the effects of stimulation on beta oscillations which have

been associated with network disorders. I conclude that the background activity makes a

difference to the response to stimulation and therefore recommend recording brain activity

in stimulation experiments. In order to further improve the model utility for predicting

treatment parameters for network disorders I introduce a multiregional extension of the

model. With this the model can predict stimulation spread between brain regions. The

versatility of the multiregion variant is demonstrated with a number of simple network

formations, and the model is then used to predict that there can be long lasting changes

in unstimulated regions which are connected to a targeted area. I finally demonstrate

how local connectivity may be harnessed to deliberately target subcortical areas with

stimulation.

At the level of whole brain networks, a detailed model like the one I have introduced for

stimulation would be too computationally intensive. Additionally, it may be unnecessarily

complex, depending on the phenomenon the model is made to capture. Therefore I

conclude in chapter 5 by focusing on a simplified model based on patient derived brain

connectivity. The model simulates neural activity and can either be in a healthy or

diseased state, representing an epileptic seizure. The model is used to predict the impact

of different surgical interventions, and it is proposed as a method for optimising surgical

intervention on a patient by patient basis. I show that the model can reproduce temporal

and spatial aspects of temporal lobe epilepsy given only patient connectivity and region

volume information. It can then make predictions as to what interventions are liable to

be the most effective on an individual patient basis.

I finally conclude by summarising the results and how they address the problem state-

ments introduced in the above section. I discuss how the different modelling approaches

4



presented here could be combined in the future to provide a multilevel model for predicting

personalised stimulation approaches as an alternative to epilepsy surgery.

1.3. Main Contributions

In relation to the problems stated above, I begin in chapter 3 to address the need for

improved alternative non-invasive interventions with the model of electric field stimulation

in the VERTEX simulator. This modelling approach is novel because it includes reduced

morphologies for the neurons, which allows the model to take into account the directional

dependence of the neuronal response to the electric field whilst still being computationally

feasible to run for large networks of neurons.

In chapter 4 I further analyse and expand the model, introducing a multiregion variant

which allows the model to explore the impact of between-region connectivity on electric

field stimulation. The flexibility of the VERTEX stimulator model means that, given

appropriate data, it can be quickly adapted to produce personalised models with patient

specific tissue properties such as cortical thickness and gyrification which can be measured

from brain imaging. In a similar approach to chapter 5, it will be possible to model

subnetworks of connected regions with patient derived connectivity. I further show the

difference to stimulation response made by alternative background oscillations, which

could be measured using concurrent EEG and NIBS. In this way I hope that my model

can aid the use of electric current stimulation as an alternative therapy by providing

patient specific parameter estimates to achieve a desired change in behaviour.

Finally in chapter 5 I address the issue of epilepsy surgery from a modelling approach. I

show that a simple bistable model coupled with patient derived connectivity can reproduce

the expected temporal and spatial features of temporal lobe epilepsy, and make some

initial predictions for patient specific surgery targets. This also ties in with the second

need mentioned above - for personalised therapies that have the potential for great clinical

benefit - by providing a personalised approach to surgery planning and prediction.

The novelty of the work here is in introducing and testing new models and computa-

tional frameworks, representing a first step towards personalised therapeutic approaches

to NIBS and epilepsy surgery.
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CHAPTER 2

Background

This chapter provides an overview of relevant literature. I first provide a background

to non-invasive brain stimulation, introducing popular techniques including transcranial

direct current stimulation (tDCS). I discuss the medical applications of tDCS and main

issues in the field — particularly the variability observed in results — motivating the work

in this thesis. I then give an overview of computer modelling of tDCS to highlight where

the modelling work in this thesis fits into the field. I discuss the importance of brain

connectivity for predictive modelling of stimulation, and for modelling of brain disorders,

motivating chapters 3 and 4, and leading on to the final study in chapter 5. I progress

to an overview of epilepsy, covering issues in predictability of surgery success to motivate

chaper 5. Again I give an overview of computer modelling of epilepsy to illustrate how the

modelling work in chapter 5 builds on the current field, whilst providing novelty through

the inclusion of patient derived connectivity.

2.1. Brain stimulation overview

2.1.1. A brief history.

Non-invasive electrical stimulation has been used in varying forms for centuries, with re-

ports going back to the ancient world where electric fish were used to provide stimulation

for headaches (Largus, 1529). Inspired by reports of drug induced seizures curing psychi-

atric disorders, Italian scientists were the first to apply electric current to a schizophrenic

man to create the same effect, and achieved promising results (Cerletti, 1950; Metastasio

and Dodwell, 2013). This led to increased interest and popularity of Electroconvulsive

therapy (ECT), as it was a novel, less unpleasant, and inexpensive way of inducing seizures

as a psychiatric treatment (Abrams, 2002). The ability to apply currents to the brain

without need for any lesion of the skin or skull has made non-invasive brain stimulation

(NIBS) an attractive prospect for medical practitioners.

Today, while ECT is still in use, academic study of NIBS is mainly focused on tran-

scranial magnetic stimulation (TMS), where strong, transient electric fields are induced
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through magnetic stimulation, and transcranial electrical stimulation (TES), which uses

very small currents and has only very minor known side effects (Utz et al., 2010). This

thesis is particularly focused on TES, which involves placing electrodes over the scalp,

and channelling a current flow from a positive anode electrode to the negative cathode

(Jacobson et al., 2012). In recent decades computers have provided a new way of pre-

dicting the outcomes of stimulation to the brain at many levels, ranging from individual

neurons to the patterns of current flow over the whole brain. Here I give an overview of

different types of stimulation, TES uses and issues, and current computational models of

TES, as one of the most popular and widespread stimulation modalities at this time.

2.1.2. Transcranial Electrical Stimulation.

TES is a broad term covering the application of weak current over the scalp as a stim-

ulation method. The levels of current used typically do not evoke action potentials but

are rather thought to modulate the excitability of tissue (Nitsche et al., 2005). TES in-

volves placing electrodes over the scalp; most commonly just two electrodes are used with

current passed between them, however ‘high definition’ stimulators have recently been

introduced which can apply current through a number of different electrodes on the scalp,

with the promise of providing a more focal and controllable current flow (Edwards et al.,

2013). The type of current can be varied, with the most studied being transcranial direct

current stimulation (tDCS) where the current is ramped up to a steady level which is then

applied for the duration of the stimulation protocol (Yavari et al., 2017). Other variants

with growing popularity include transcranial random noise stimulation (tRNS) and tran-

scranial alternating current stimulation (tACS) which has recently shown some ability to

entrain cortical oscillations (Helfrich et al., 2014) leading to an increase in interest in this

technique. See figure 2.1 for an overview of the different TES modalities. The general

consensus is that TES is essentially modulating the excitability of the stimulated tissue

(Nitsche et al., 2005).

tDCS.

The current applied in tDCS is generally very weak (1-2mA), and not sufficient to elicit

action potentials in neurons (Ruffini et al., 2013; Batsikadze et al., 2013). Instead the

current is thought to modulate the neuron resting membrane potentials and contribute

to behavioural changes with subtle nudges to the intrinsic activity (Ruffini et al., 2013).
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Figure 2.1: This figure shows an example of transcranial stimulation being applied via
two electrodes, on the left side of the figure. On the right the three different types of TES
are shown with the appearance of the different forms of current over time. This figure is
taken from Yavari et al. (2017).

There is a general assumption that anodal tDCS increases underlying excitation and task

performance while cathodal decreases it (Jacobson et al., 2012). The anode and cathode

really refer to the current source and sink, and their positioning determines the direction

of current flow (Opitz et al., 2015). The phenomenon underlying this assumption is

likely due to the orientation dependent impact of current on neurons, however it is not

consistent in all studies and there have been reports where this anodal-excites cathodal-

inhibits paradigm is not observed (Jacobson et al., 2012; Monti et al., 2008; Marshall

et al., 2005; Rosenkranz et al., 2000). This may be due to the folded nature of the brain,

meaning that neurons may be differently orientated even when the current flow itself is

predictable.

One other technology worth mentioning in this section is the recently developed high

definition (HD) tDCS. HD tDCS aims at increasing focality of tDCS. This can also be done

by reducing electrode sizes, however this requires careful monitoring of stimulation current

strength to prevent the current density (strength/electrode size) from rising above safety

limits (Nitsche et al., 2007; Bikson et al., 2016). In the case of HD tDCS this involves

positioning a small anode in a circle of cathodes, or visa-versa, and has been found to be

well tolerated (Turski et al., 2017). Modelling studies predict that this montage improves

focality and specificity, with current not spreading beyond the cathode circle (Edwards

et al., 2013). There are now additional stimulation devices which allow the flexibility
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to create numerous different montages and consequently different current distributions

(SoterixMedical, 2018; StarStim, 2018).

fMRI and tDCS.

tDCS has been combined in several studies with brain imaging modalities in order to

understand how and where it is affecting brain tissue. Perhaps most commonly with

functional magnetic resonance imaging (fMRI), which can reveal active areas in the brain

via the blood oxygen level dependent (BOLD) signal. This signal is thought to show active

areas of brain tissue, because populations of neurons actively firing results in increased

blood flow in order to replenish oxygen resources (Arthurs and Boniface, 2002). The

BOLD signal can give limited detail as to which neuronal populations are involved; it does

not correspond with spiking activity but has shown correspondance with LFPs (Logothetis

et al., 2001). However, it does have the benefits of high spatial resolution and the ability

to reveal whole brain network connections, as functionally linked areas will show up with

a similar increase in signal intensity.

The Default Mode Network (DMN) is a set of brain regions which show a BOLD signal

when humans are resting and relaxing in a scanner (Greicius et al., 2003). Disruption of

this key network of areas has been linked to a number of brain disorders, and studies have

shown that tDCS can influence the functional connectivity of the DMN when applied to

the dorsolateral prefrontal cortex (DLPFC) (Peña-Gómez et al., 2012), a common montage

applied for treatment of depression (Nitsche et al., 2009). This result lends credence to

the claims of tDCS efficacy. FMRI studies have also been carried out to support studies

claiming that tDCS has an influence on cognitive task performance, where the changes

observed in performance can be statistically significant but are often still minor and

subject to skepticism. Jang et al. (2009) looked at fMRI following a motor task + tDCS/

sham and found increased activity under anodal tDCS, while Baudewig et al. (2001)

combined fMRI and tDCS looking at motor areas with a finger movement task. They

found reduction of activity following cathodal stimulation, but no significant differences

from anodal. The task was more complex than the Jang paper, so involved wider networks.

Antal et al. (2011), however, did not find significant results when looking at fMRI and

tDCS to see if there was a BOLD trace analogous to the increased motor evoked potential

(MEP) signal, both at rest and with finger tapping.
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Further studies have continued this trend, with a small number finding no clear change

while most show at least some change in BOLD signal to support the unambitious notion

that tDCS is having some influence on neural processing (Antal et al., 2012; Weber et al.,

2014; Keeser et al., 2011a; Amadi et al., 2014). That being said, a recent study on ex-

vivo brains found that online studies using tDCS inside the scanner must be carefully

interpreted, as there is evidence that tDCS causes fMRI artifacts (Antal et al., 2014). As

most studies apply tDCS prior to scanning this does not invalidate the findings mentioned

here, it merely means that caution should be used in evaluating online studies.

A slightly different combination of fMRI and tDCS can be seen in a study where fMRI

was taken prior to tDCS to identify networks which were active in individuals during a

task of interest. The fMRI data then guided the application of tDCS to stimulate these

network areas. 0.1mA tDCS and 2mA tDCS conditions were used, and the investigators

found significant improvements with 2mA tDCS (Clark et al., 2012). This type of patient

specific protocol planning is particularly relevant to this thesis, and this study illustrates

an effective use of the imaging data collected to provide promising results.

EEG and tDCS.

The other imaging modality often combined with tDCS is electroencephalography (EEG).

There are now specially made tDCS devices which combine EEG electrodes with tDCS

stimulating electrodes to allow for easily combined stimulation and recording (StarStim,

2018). The EEG signal has a much greater temporal resolution than that of fMRI,

however it is less spatially accurate. There is a particularly wide basin of literature

on the combination of TMS, a suprathreshold stimulation modality, and EEG. Studies

using tDCS have been known to combine all three of these modalities, often measuring

the MEP, which is a characteristic peak in the EEG signal in response to a momentary

burst of stimulation from a TMS coil. The MEP is thought to be a measure of cortical

excitability, and the ability of tDCS to modulate cortical excitability is of interest in

a number of disorders of brain function. In this vein of studies, cathodal tDCS over

primary motor area M1 has been shown to decrease the MEP size, and EEG recorded an

additional increase in delta and theta rhythms (Ardolino et al., 2005). Conversely, anodal

tDCS can increase the MEP amplitude, and in both cases the effects are constrained to

the stimulated hemisphere (Lang et al., 2004). This modulation of cortical excitability

has been shown to persist for up to 90 minutes after the end of stimulation (Nitsche and
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Paulus, 2001), and this impact of tDCS on MEP amplitude is one of the few consistent,

undisputed effects of tDCS (Horvath et al., 2015).

Moving away from MEP studies, EEG is regularly utilised in sleep research, and one

study applying tDCS found an increase in slow wave activity during sleep, as well as

increased performance in a memory task (Marshall et al., 2004). As slow wave activity

is linked to increased memory performance, this interaction of tDCS with sleep rhythms

may provide a mechanistic basis for the observed effect. As with fMRI, EEG can be

used to observe network changes. With EEG a functional network can be estimated

based on the coherence between the measured activity from different electrodes, where

regions with similar activity are assumed to have an underlying link. There have been

studies which look for functional connectivity changes linked with tDCS application, and

corresponding changes have been observed, such as in Polańıa et al. (2011). In an organ

where connectivity is clearly so important this is perhaps not a suprise, although given

the subthreshold level of the stimulation cascading changes are not often considered in

tDCS studies.

Changes have been observed in the power of different frequencies in the EEG spectrum

with the application of tDCS (Keeser et al., 2011b; Wirth et al., 2011), and this has led

to an increased interest in combining transcranial alternating current stimulation (tACS)

with EEG, as it is a modality which has a clearer impact on oscillations. tACS has shown

evidence of entrainment in some studies, directly influencing the power spectrum of the

EEG signal (Helfrich et al., 2014; Zaehle et al., 2010; Dutta and Nitsche, 2013). An

alternating current application may prove to be a more powerful tool in conjunction with

EEG, as it is certainly more intuitive to interpret.

Other imaging modalities and tDCS.

There are alternative imaging modalities which have been combined with tDCS, although

these studies are less commonly found. Positron Emission Tomogrophy (PET) is one

such modality, which can be used to observe metabolic processes in the body. Lang et al.

(2005) applied this technique to analyse regional cerebral blood flow changes with tDCS,

and found increased blood flow in widespread areas at a similar level to the increases seen

during a cognitive task.

Another imaging modalility of note is diffusion tensor imaging (DTI), as discussed in

the connectivity section below. This modality enables tracking of the fibre tracts in the
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brain, and structural brain networks can be reconstructed from the collected data. In one

study using DTI, microcorrelates of increased connectivity were observed following TMS

in the motor cortex (Groppa et al., 2013), and in a study by Lindenberg et al. (2012) DTI

measures predicted stroke recovery, with tDCS used alongside physical therapy in the

recovery process. In a 2004 study, diffusion weighted MRI (dwMRI) was used to look for

structural changes due to tDCS, but none were observed (Nitsche et al., 2004). The study

used 13 minutes of tDCS and took dwMRI scans before and after stimulation; it may be

that the lack of change observed was due to the short application time, and that tDCS

applied at regular intervals for longer periods of time would show structural changes.

tACS.

tACS is a less investigated technology, which sends alternating current oscillatory waves

across the cortex, instead of the direct current used in tDCS. This means that there

is no real concept of anode and cathode as found in tDCS, as the electrodes switch

polarity during stimulation to generate the oscillatory current (Antal and Paulus, 2013;

Yavari et al., 2017). This is an interesting technology as it is natural for the brain to

produce oscillatory activity, and correlations in oscillatory activity are used as a functional

connectivity measure in EEG because these oscillations are thought to be correlates of

underlying processing (Ward, 2003). Experiments have recently been done to make use

of this by entraining cortical oscillations to a given frequency using tACS (Helfrich et al.,

2014; Witkowski et al., 2016; Thut et al., 2011; Feurra et al., 2012). This is still new

work but early experiments have shown marks of success. However, the functions of the

oscillations are poorly understood and the effects of entrainment and the mechanisms

behind it are still unclear.

tRNS.

Transcranial random noise stimulation (TRNS) has had very limited investigation com-

pared to tACS and tDCS. This modality applies alternating current to the brain which

randomly fluctuates in amplitude and frequency. The few studies which have examined

its effects have found evidence of potential for use as a treatment for depression (Chan

et al., 2012), schizophrenia (Palm et al., 2013a) and tinnitus (Vanneste et al., 2013), as

well as evidence of efficacy for increasing cortical excitability (Chaieb et al., 2011). It is

certainly worth further investigation.
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2.1.3. Other stimulation modalities.

Transcranial electrical stimulation is not unique as a method for stimulating the brain,

and a number of other modalities exist which are worthy of mention here. Transcranial

magnetic stimulation has already been briefly discussed, as a suprathreshold modality

often paired with tDCS, and after expanding on TMS research here I also discuss deep

brain stimulation (DBS), an invasive electrical stimulation therapy which has shown great

promise particularly in Parkinson’s treatment (Hamani et al., 2005; Bronstein et al., 2011);

optogenetic stimulation, which is a light activated stimulation of neurons (Deisseroth,

2011); and focused ultrasound, acoustic stimulation which shares the benefit of being

non-invasive with TES but has the potential to be much more focused (Legon et al.,

2014). In the future I hope to include correlates of these alternative forms of stimulation

into the stimulation modelling framework presented in this thesis.

Transcranial Magnetic Stimulation.

Transcranial magnetic stimulation induces electric currents in the brain by manipulating

magnetic fields. It is non-invasive and more focal than tDCS, with minimal negative side

effects (Rossi et al., 2009). Unlike with electrical stimulation the skull does not act as a

barrier to stimulation as magnetic fields pass through tissue and bone (Post and Keck,

2001). The fields are created by passing electrical current through a coil which is generally

held over the head above a target stimulation area. TMS pulses elicit action potentials,

unlike subthreshold TES, as the stimulation produces a relatively large current in the

underlying tissue. The induced current can be large enough to create temporary ‘virtual

lesions’ which can be used to discern the function of different cortical areas (Siebner

et al., 2009; Hallett, 2000). As with TES there exist a number of variants of TMS, some

of which have been found to show promising results in clinical trials for various disorders.

The pulses induced can be either monophasic or biphasic, named after the waveform the

pulses produce, with biphasic pulses often considered to be more potent (Arai et al.,

2005). Two techiques that have proved very popular in recent years are theta burst

stimulation (TBS), where short fast trains of stimulation are delivered with TMS (Huang

et al., 2005), and repetitive TMS (rTMS), which repeats either monophasic or biphasic

pulses at regular intervals multiple times (Post and Keck, 2001). These TMS variants

have already shown encouraging results in a variety of clinical settings (Lefaucheur et al.,

2014; Koch et al., 2012; Kindler et al., 2012; Talelli et al., 2012).
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Invasive electrical stimulation.

Invasive electric stimulation is, as the name implies, electrical stimulation which requires

invasive procedures to apply. This generally involves surgical removal of a part of the

skull to apply or implant a stimulating electrode. Invasive stimulation has a range of uses

in therapeutic and experimental settings. Delivering stimulation directly to brain tissue

removes the issues of interference from the skin, skull and other protective tissue. The

most common clinical uses of invasive stimulation are for testing the cortex during surgery

to ensure no vital areas (eloquent cortex) are resected or damaged (Alafaci et al., 2013),

and also deep brain stimulation (DBS) devices for treating Parkinson’s disease. DBS for

Parkinson’s disease has had success in reducing the debilitating tremor experienced by

patients (Hamani et al., 2005; Bronstein et al., 2011). However, any procedure which

requires surgery carries potential risks to a patient.

In in vitro studies electrodes are used to apply point stimulation to a slice of brain

tissue. Previous work (Thornton et al., 2019) has integrated this type of invasive electrical

stimulation into the VERTEX software. It can be simulated and compared with the results

of electric field stimulation.

Optogenetics.

A recent addition to the roster of neurostimulation modalities, optogenetic stimulation

is a relatively new technology that stimulates light sensitive ion channels artificially em-

bedded into neurons to change the activity of target cells (Fenno et al., 2011). Using

cell-specific promotors it is possible to target different cell types to induce production of

these light sensitive ion channels (Yizhar et al., 2011). This enables targeted, fine-grained

control of the stimulus impact, which no other existing brain stimulation modalities can

achieve. Additionally, while we are still unpicking the effects of electric fields on neuronal

populations, the activation mechanisms of optogenetic stimulation are much easier to un-

derstand at the cellular level. These advantages make optogenetics a particularly useful

research tool for understanding neuronal circuts. There are a number of helpful reviews

of the current state of this new modality (Fenno et al., 2011; Kim et al., 2011; LaLumiere,

2011; Rein and Deussing, 2012; Tye and Deisseroth, 2012; Williams and Denison, 2013).

Focused Ultrasound Stimulation.

Focused Ultrasound employs a piezoelectric transducer to generate ultrasonic sound waves,

which can pass through tissue and may generate changes in the membrane potential of
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neurons (Colucci et al., 2009). This unique method of brain stimulation is exciting due to

its focality, and the ability to non-invasively stimulate deeper in the brain than electrical

stimulation can reach without implantation of electrodes (Yoo et al., 2011). However,

because focused ultrasound is also used to ablate tissue there are safety concerns (Tufail

et al., 2010). The mechanstic basis of Focused Ultrasound Stimulation (FUS) is poorly

understood, and a number of theories have been proposed. The most likely so far are

that the acoustic waves stimulate mechanosensitive ion channels in the neurons, or that a

cavitation effect is induced in the neural cell membrane which changes the membrane ca-

pacitance, directly influencing the membrane potential (Plaksin et al., 2014). So far there

are only a handful of studies employing FUS for neurostimulation, and only a couple in

humans, however initial investigations look promising (Legon et al., 2014, 2018; Ai et al.,

2016).

2.1.4. Current applications of brain stimulation.

The ability to apply currents to the brain without need for any lesion of the skin or

skull has made non-invasive stimulation an attractive prospect for medical practitioners,

perhaps offering one explanation for the long and prolific usage thoughout history. In

today’s world the use of electrical stimulation in disease treatment is still ongoing, albeit

with much more caution than in aeons past, and it is still subject to active research. In

addition to medical uses, tDCS has been proposed as a potential method for cognitive

enhancement - boosting performance in healthy individuals. Having the potential to

increase our reasoning speed, intelligence, learning speed and memory retention is an

intoxicating idea. There have been a number of studies conducted which have attempted

to assess whether this potential of tDCS is science fiction or fact (Coffman et al., 2014;

Jacobson et al., 2012; Flöel, 2014).

TES as a medical treatment.

There are many potential benefits to being able to interact with and modulate the be-

haviour of neuronal populations. TES has already been applied with some success to ale-

viating symptoms in a number of disorders, including treating major depression (Ferrucci

et al., 2009; Shiozawa et al., 2014), stroke recovery (Butler et al., 2013), ADHD (Bandeira

et al., 2016; Sotnikova et al., 2017; Soff et al., 2017) and chronic pain (Vaseghi et al., 2014).

It has also been proposed as a potential treatment for schizophrenia (Brunelin et al., 2012;
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Mondino et al., 2015; Palm et al., 2014), epilepsy (San-juan et al., 2015; Fregni et al.,

2006), substance abuse (Shahbabaie et al., 2014) and more. There have been a number

of trials using tDCS in conjunction with physical and occupational therapy for treating

cognitive deficits resulting from brain damage, stroke or dementia. See Zhao et al. (2017)

for a more in depth and up to date review of clinical usage literature.

A particular cortical target of note is the dorsolateral pre-frontal cortex (DLPFC),

as it has been targeted for modulation for a number of psychiatric disorders, including

major depression disorder, schizophrenia, addiction, and anxiety (Brunoni et al., 2011;

Seibt et al., 2015). Recent studies have begun to look at more abstract targets, using

tDCS to impact underlying networks rather than just one involved region. Studies have

shown evidence that tDCS can modulate functional brain networks (Polańıa et al., 2011;

Peña-Gómez et al., 2012; Sehm et al., 2012). Clinically, tDCS modulation of functional

networks has been associated with decreasing negative symptoms in schizophrenia (Palm

et al., 2013b, 2016b). Modulating the DLPFC with tDCS has been shown to impact the

default mode network (Peña-Gómez et al., 2011), so functional connectivity may be also

playing a role in the results of many existing tDCS treatment protocols. Additionally, the

advent of HD-TES may allow more targeted treatment. This has already been attempted

and well tolerated in chronic pain (Villamar et al., 2013; Borckardt et al., 2012), and been

proposed as a way forward more generally for improving clinical efficacy (Brunoni et al.,

2012).

tDCS for cognitive enhancement.

tDCS is a subthreshold stimulus, and one mechanism by which it is proposed to influence

cognition is via effectively priming an area of tissue to be more (or less) responsive to

stimuli; this has led to speculation that tDCS could be used to enhance cognitive ability

and learning - certainly an exciting prospect! To this end a number of studies have been

carried out to look for evidence of such enhancement, and while results tend not to be

dramatic, they have been positive in a number of cases where facilitation of working

memory (Fregni et al., 2005; Ohn et al., 2008), language learning (Flöel et al., 2008;

Meinzer et al., 2014; de Vries et al., 2010), and reaction speed (Hummel et al., 2006)

have all been found. The low cost and simplicity of tDCS has already led to a number of

commercial companies selling headsets advertised to enhance relaxation or reaction speed

and ability, and the market for these devices may continue to grow. As with psychiatric
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treatment montages, the DLPFC is a target that has been linked with memory and

learning enhancement (Hammer et al., 2011; Boggio et al., 2008; Fregni et al., 2005),

although a variety of targets have been trialled. For more details on this category of

use for tDCS there are a couple of existing reviews on this area (Coffman et al., 2014;

Jacobson et al., 2012; Flöel, 2014). Whilst this is still a developing area, in part due to the

small effect sizes and other issues outlined in the next section, the ease of use, safety, and

low cost are all factors which make tDCS a very attractive technology for both clinical

purposes and cognitive enhancement.

2.1.5. Issues with tDCS studies.

For all of the wide-ranging, exciting applications of tDCS, there are a number of very

serious issues with the technology preventing tDCS from being ubiquitously and regularly

used. The major issue is one which has already been mentioned, and that is the variability

of tDCS effectiveness between subjects. There have been reported case studies in which

tDCS has been dramatically effective (Shiozawa et al., 2014, 2013; Fregni et al., 2006), but

in most cases the effects seen are minor, and in some cases there are no changes found at all

(Palm et al., 2012), or even potential worsening of symptons (Brunoni et al., 2011). The

reasons for these ‘non-responders’ are likely many and varied. One possible reason is the

variability in brain morphology, leading to the same montage not necessarily targeting the

same brain areas in different people. Others may be differences in layer thickness, neuronal

distribution, and neuron density. These are naturally varying characteristics with age,

disease or just normal development, which may have an impact on the responsiveness of

a brain area to stimulation (Li et al., 2015). Additionally the orientation of neurons to

a field has already been predicted by single neuron models to make a difference to the

change in membrane potential (Rahman et al., 2013; Arlotti et al., 2012). This is likely

to introduce further variability between subjects as every brain is folded differently.

A further factor to note, although this list is hardly exhaustive, is that of background

neuronal activity. The time of day, individual stress levels, or tiredness can all contribute

to different engagement levels with a task, and where there is no task set in a study,

relaxation may also result in different activity levels in the brain for different people,

as some daydream, others may be distracted by thoughts of their next meal and some

individuals may be genuinely emptying their thoughts. The brain is such a complex beast
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that these differences in thoughts may manifest in different oscillating behaviour and

functional connectivity patterns throughout the brain. All of these factors are difficult

to control for but until we can do so, fully harnessing the potential of tDCS is likely an

impossible task.

A couple of other issues with tDCS studies should be noted in this section in addition.

Sham tDCS is imperfect, as it includes a ramp up and ramp down of stimulation which

may have some impact in itself, although there is no evidence as yet to say that it does.

Models, particularly finite element models, are hard to validate and there have only been a

small handful of studies which attempt to validate finite element models for brain current

distribution (Datta et al., 2013; Opitz et al., 2014, 2013). Additionally, small numbers of

participants are used in many studies. This means that, where effects of tDCS have been

reported, there still needs to be caution in assessing the statistical validity of the claims

made (Kalu et al., 2012; Palm et al., 2016a).

2.1.6. Current models of brain stimulation.

The way in which I attempt to address some of the above concerns is through computa-

tional modelling. Here I first report and review the existing modelling literature, to give

some context to the model proposed in this thesis and to show how it fills an otherwise

unnocupied niche in this field.

The majority of computational models of tDCS are finite element models (FEM) of

the entire head, which predict and depict the electrical current distribution across the

cortex. See figure 2.2 for an example of an MRI based FEM. Applying tDCS involves

choosing a montage - that is, how many electrodes will be used and where they will be

positioned - and FEMs can predict the current flow produced by any given montage.

This enables researchers or clinicians to check whether a proposed montage will impact

the brain region they want to target. Finite element models vary in complexity, with

many taking the most straightforward approach of approximating the head as a sphere

(Miranda et al., 2006; Datta et al., 2008). This simplification is widespread, however

there are other modelling studies which have attempted to incorporate more complexity

and individualised data in FEMs, potentially providing a more accurate field prediction.

Cortical folding (Parazzini et al., 2011) and varied skull thickness appear to have

an impact on the predicted current distribution, as does subject specific MRI derived
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brain morphology data (Windhoff et al., 2013). Anatomically detailed FEMs consistently

incorporate different tissues (e.g. skin, skull, CSF) and their resistances to predict how

much current will reach the grey matter (Bikson et al., 2012). There has been some

experimental validation of FEM predicitions (Datta et al., 2013), with recent work by

Opitz et al. (2014, 2013) showing some evidence for the reliability of TMS FEMs, however

validation is lacking for most models of this type, even widely used ones.

Figure 2.2: Examples of finite element models of varying complexity with current intensity
shown through the colour maps. Figure from Wang et al. (2015) and originally adapted
from Datta et al. (2012).

Whilst the tDCS modelling literature is dominated by FEM approaches, there are a

selection of studies which attempt to predict the impact of electric fields on neuron or

tissue level activity, rather than just the spatial distribution of current. Morphologically

detailed reconstructed neurons allow prediction of membrane polarisation in an electric

field, predicting that orientation of neurons to the current flow is an important factor

(Rahman et al., 2013; Arlotti et al., 2012). Following experimental findings and predic-

tions of detailed models, network models using point neurons capture the stimulation as a

deviation in membrane potential, usually just applying the stimulus to pyramidal neurons,

as they are predicted to be more strongly affected by the field due to their morphology.

tDCS and tACS impact on the local field potentials produced by neuron populations

have been predicted from a network model, and Reato et al. (2010) showed a complex
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range of responses to stimulation at the local field potential level stemming from modifi-

cations to spike timings. A similar model by (Molaee-Ardekani et al., 2013) used a neural

mass model to capture the evoked potentials (EPs) produced in the rabbit somatosensory

cortex following puffs of air to whiskers in vivo. They modelled the stimulation as a

perturbation to the mean membrane potential of populations, assuming a linear relation-

ship to stimulus amplitude. The model was then used to predict the effects of tDCS on

the EPs, and interestingly they found that it was important to consider interneurons, as

well as pyramidal neurons, in order to accurately replicate the observed changes due to

stimulation.

In an attempt to create a model which could make relevant predictions for humans

and be testable experimentally, (Merlet et al., 2013) used a combination of a head model

and a mean field model to predict changes in EEG traces following stimulation. However,

the comparison with recorded EEG did not show good results for this model, and it seems

more work needs to be done in understanding how EEG traces arise before a complex

model in this form can be useful and effective. Dutta and Nitsche (2013) similarly used a

neural mass model with parameters tuned to fit to recorded EEG and used this to make

mechanistic predictions rather than to predict any changes in EEG. This approach found

a modification of pyramidal neurons’ dendritic synaptic response following anodal tDCS.

There is a scarcity of models which make behavioural predictions about stimulation.

A more successful example was created by Douglas et al. (2015) which is focused on the

cognitive pathways of movement intent. Experimental findings from this study, which

indicated that tDCS can speed up the translation of intent into movement, were given

some explanation by a computational model approximating functional brain regions in-

volved in the cognitive process with leaky integrator units. These were focally stimulated

by introducing a parameter change at a given position in the network to replicate ex-

perimental results and as such provided additional predictions which were validated by

experimentally collected EEG data.

2.1.7. Summary.

Whilst progress has been made in modelling the spread of current flow in head models,

there is still a need for validation of many of these models, and much is still to be

done in mechanistic modelling of the meso- and microscale. A greater understanding
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of not just where the stimulation is taking effect, but also how it does so, would aid

the development of optimised protocols to increase the effectiveness of stimulation and

the ability to predict what the effects will be on which areas. In addition to predicting

changes in field potentials, there is a need for models which can take a further step into

providing behavioural predictions which can be validated in experimental studies. I hope

that the VERTEX stimulation model introduced in Chapter 3 will be able to achieve this,

as I have developed a network level model which can incorporate FEM derived fields and

predict the resulting orientation-dependent activity changes.
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2.2. Brain connectivity

Connectivity in this context refers to the axonal or dendritic connections between

different neurons. At the mesoscale, within brain regions, neurons in the brain are densely

interconnected, they form a network with other types of neurons, and their interactions

produce the global activity of that region, underpinning many cognitive functions. At the

macroscale brain regions are sparsely connected. Long range connections of fibre bundles -

white matter - can be estimated by brain imaging techniques like diffusion tensor imaging

(DTI).

2.2.1. Imaging brain connectivity.

Diffusion weighted MRI (DW-MRI) allows for the inference of hypothesised white matter

fibre tracts which connect brain areas (Assaf and Pasternak, 2008; Mori and Zhang,

2006). This is done by estimating the directional movement of water as a tensor, and

where there is a strongly anisotropic direction a fibre bundle is thought to exist. This

can be used to create a patient-specific network of structural brain connectivity between

the aforementioned brain areas (Besson et al., 2014; DeSalvo et al., 2013; Bonilha et al.,

2013, 2012; Liao et al., 2011; Zhang et al., 2011; Taylor et al., 2015a,b, 2018) or even

within them (Taylor et al., 2017). It is, however, worth noting that there have been

some studies criticising this methodology and technique, with studies arguing that DTI

can overestimate (Maier-Hein et al., 2017) or underestimate (Johansen-Berg and Behrens,

2014) connectivity.

2.2.2. The role of brain connectivity in disease.

Brain connectivity plays an important, and often poorly understood, role in many brain

disorders. There have been network-level changes observed in schizophrenia and depres-

sion (Drysdale et al., 2017; Cheng et al., 2018; Levitt et al., 2017; Li et al., 2018), and

Alzheimer’s disease spreads across the brain network as plaques and tangles grow (Powell

et al., 2018). The network of brain connections is thought to play a role in cognitive abil-

ity and IQ (Pezoulas et al., 2017; Jiang et al., 2017), and every individual has a unique

connectivity profile. This unique network likely plays a role in the spread or initiation of

certain disorders, as well as our vulnerability to brain dysfunction.
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2.2.3. Brain connectivity relevance for stimulation.

Connectivity is also relevant to neurostimulation, as any changes to one area of the brain

are liable to result in consequent changes in other connected regions. In this way connec-

tivity can potentially be harnessed to allow stimulation to target deeper structures. By

stimulating areas connected to a target structure a build up of stimulation at the target

structure may be achievable (Chib et al., 2013; Polańıa et al., 2012; Luft et al., 2014).

Connectivity is worth considering when trying to modify brain activity, particularly over

long periods of time where lasting changes can occur. Without this, the spread of stimu-

lation effects along connections could lead to unanticipated consequences in unmonitored

and untargeted areas of the brain.
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2.3. Epilepsy

2.3.1. Epilepsy overview.

Epilepsy is an umbrella term for a group of neurological disorders characterised by recur-

rent unprovoked seizures, where seizures are transient periods of interrupted, abnormal

brain function (Fisher et al., 2005; Baier et al., 2012). Roughly 50 million people suffer

from epilepsy (WHO, 2012) and in many cases it can be exceedingly debilitating. There

are many types of epilepsy, characterised by the type of seizures (generalised, focal, ab-

sence) or the location of seizure origin (e.g. frontal lobe epilepsy, TLE) (Berg et al., 2010).

In the majority of cases antiepileptic drugs can successfully reduce seizures to manageable

levels, although they are not without side effects, and most individuals require pharmaco-

logical intervention for their entire lives. In the cases where individuals are unresponsive

to drugs, drugs cannot reduce the seizure frequency to manageable levels, or where side

effects are not tolerated, there are currently few alternatives available. Surgery for focal

epilepsies is the main alternative, although attempts are now being made to use brain

stimulation as an additional alternative therapy (San-juan et al., 2015; Fregni et al., 2006;

Ng et al., 2018). These attempts are in their infancy, as predicting when a seizure is about

to start is an open problem in the field (Bou Assi et al., 2017).

2.3.2. The importance of brain connectivity in epilepsy.

Atrophy of focal brain areas in and around the temporal lobe is frequently found in people

with temporal lobe epilepsy (TLE) (Taylor et al., 2015a; Bonilha et al., 2010, 2003, 2004,

2005; Pitkänen et al., 1998; Bernasconi et al., 2004). However, TLE may involve areas

far beyond the temporal lobe, forming a suggested epileptogenic network (Thivard et al.,

2005).

Epilepsy is a disorder which involves propagation of abnormal activity over large areas

of brain tissue during seizures. Modelling this propagation in epilepsy ideally requires a

large-scale model of the brain, with realistic connections through which the activity can

spread. To this end the brain can be modelled as a network, with structurally distinct

regions abstracted to single nodes and the connections between these discrete regions

mapped through imaging techniques such as DW-MRI. Using such simplified brain net-

works, seizure initiation and spreading can be modelled using connectivity specific to

25



individual patients (Yan and Li, 2013; Taylor et al., 2013, 2014, 2015b; Baier et al., 2012;

Jirsa et al., 2017).

2.3.3. Surgery in the context of epilepsy.

Chapter 5 of this PhD thesis is focused on epilepsy surgery, introducing a framework for

predicting brain intervention efficacy. In about 30% of cases surgery is unsuccessful at

reducing seizures (Spencer and Huh, 2008; Hemb et al., 2013; de Tisi et al., 2011). Surgery

involves resecting brain tissue thought to be epileptogenic, and in many cases this can

be a relatively large area of brain. In cases where the epileptic tissue is liable to cover

functionally vital tissue, surgery is ruled out as an option. In TLE one standard procedure

(which I replicate in chapter 5) is an amygdalohippocampectomy. This involves removing

parts of the hippocampus, amygdala, and the temporal pole from the side of the brain

throught to be responsible for seizure generation. As every brain is different, the extent

of tissue removal will always differ on an individual basis at the surgical team’s discretion.

The work presented here proposes that patient-specific models, based on patient brain

imaging and reconstructed brain connectivity, have the potential to predict whether a

particular surgical intervention will be successful in an individual.

2.3.4. Computer modelling of epilepsy.

Epilepsy is an example of a dynamical disease (Milton and Jung, 2003; da Silva et al.,

2003), and in many modelling and theoretical approaches to understanding epilepsy, dy-

namical systems theory has therefore been employed. The number of theoretical ap-

proaches and computational studies in the field of epilepsy is vast: see the reviews ref-

erenced here for a more thorough listing and analysis of the existing literature (Lytton,

2008; Suffczynski et al., 2008; Wendling, 2008; Ullah and Schiff, 2009; Stefanescu et al.,

2012; Baier et al., 2012; Wendling et al., 2016).

Computational models have been developed to look at the evolution (Nevado-Holgado

et al., 2012), termination (Kramer et al., 2012) and genesis (Wang et al., 2014) of different

seizures (Jirsa et al., 2014). Very few have used patient-specific whole brain network data

(Taylor et al., 2014). Most commonly, neural mass models - simulated populations of

connected neurons - have been used to produce or explore models of epileptogenesis and

seizure spreading (Wang et al., 2012; Taylor and Baier, 2011; Kramer et al., 2007; Marten

et al., 2009; Breakspear et al., 2006; Wendling et al., 2016; Da Silva et al., 2003; Wendling
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et al., 2002). Using concepts from dynamical systems theory, one commonly modelled

mechanism for seizure initiation is bistability (Baier et al., 2012; Da Silva et al., 2003). A

bistable system has two possible stable states which can be switched between in a noisy

system, where a noise input can push the system from one of the states to the other. In

the context of epilepsy, there is generally a resting state (e.g. a fixed point) and a state

considered to mimic seizure-like dynamics, (e.g. a high amplitude limit cycle). Kalitzin

et al. (2010) described a simple system of this nature as a model for epilepsy, which

has been expanded by Benjamin et al. (2012) to cover multiple regions. In this instance

a parameter, λ, controls the distance of the separating manifold from the attractors in

the system, and as it changes so does the likelihood of the system being in either stable

state. This kind of simple model can provide predictions about the spread and likelihood

of seizures, and how these factors are impacted by the connectivity of a network (Terry

et al., 2012; Benjamin et al., 2012). In chapter 5 of this thesis I describe and use this

simple model, applying it to DTI derived connectivity networks, a novel use of the simple

bistable model.

In the next chapter I return to a focus on brain stimulation, presenting a model which

builds on previous work mentioned in this chapter. The issues of variability in results

and the need for better predictions of treatment success have motivated the following

study. The model can predict changes at the level of neural tissue due to TES, and could

be adapted in the future to provide a patient-specific approach to predicting treatment

results.
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CHAPTER 3

Modelling non-invasive intervention: implementing and testing

Neurostimulation using weak electric fields has generated excitement over recent years

due to its potential use as a medical intervention. However, the study of this stimulation

modality has been hampered by inconsistent results and large variability within and be-

tween studies. While finite element computational models have been of use to help guide

electrode placement for maximising the current density in a given brain region, the impact

of the current on the underlying neuronal populations is less well understood, and many

studies rely on untested assumptions about what the neuronal response to the electric

current will be.

I intend to develop and utilise a computational model capable of capturing the impact

of brain stimulation on neurons to predict and better understand the interaction of electric

fields with cortical tissue.

I implement a model of electrical stimulation in the VERTEX Matlab toolbox and

perform multiple test case simulations. Given data to build on, the model can be adapted

for any given brain region in any species, and in this chapter I validate the simulation

framework using a novel model of ferret visual cortex and make predictions about the

reaction of the cortical slice to alternative field intensities and rotations.

I present a validated publicly available computational modelling software which pre-

dicts the neuronal population response to electric field stimulation.

3.1. Introduction

This chapter covers the implementation and validation of a model of stimulation at the

level of layered brain tissue in cortical columns or slices. Reliable predictions of stim-

ulation responses would make neurostimulation a more attractive alternative to current

pharmaceutical therapies. In this way I hope to address the need for alternative therapies

for brain disorders, by providing a predictive model of the tissue response to non-invasive

brain stimulation.
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In recent decades, recognition of the potential of low intensity, non-invasive electrical

stimulation has led to increased interest in techniques like transcranial direct current

stimulation (tDCS) and transcranial alternating current stimulation (tACS). Transcranial

elecrical stimulation (TES) modalities involve applying electric fields via two or more

electrodes on the scalp. The current that passes through the skull to the brain is not

strong enough to elicit action potentials in the affected neurons. Applying electric fields

to the brain is not new, but while some reasonable theories about the interaction of

these electrical fields with neuronal populations exist, the impact of changing stimulation

parameters is still not well understood (Fertonani and Miniussi, 2017).

There are many potential benfits to being able to interact with neuronal populations.

TES has already been applied with some success to alleviating symptoms in a number

of disorders, including treating major depression (Ferrucci et al., 2009; Shiozawa et al.,

2014), stroke recovery (Butler et al., 2013) and chronic pain (Vaseghi et al., 2014). TES

has also been proposed as a potential treatment for schizophrenia (Brunelin et al., 2012;

Mondino et al., 2015; Palm et al., 2014), epilepsy (San-juan et al., 2015; Fregni et al.,

2006), substance abuse (Shahbabaie et al., 2014) and other brain disorders.

However, despite promising preliminary studies, there is still debate over whether

TES is an effective intervention at all for brain disorders. The main reason for skepticism

stems from the large variability in reported results. Meta reviews have concluded that

whilst there is some evidence of efficacy for treatment of depression, chronic pain and

stroke recovery, these results are weakened by variability both within and between studies

(Brunoni et al., 2016b; Shiozawa et al., 2014; Butler et al., 2013; O’Connell et al., 2014).

Despite multiple trials for a range of disorders tDCS currently only has level B (‘proba-

ble efficacy’) evidence for fibromyalgia, craving and depression (Lefaucheur et al., 2017).

There are a number of explainations for this variability, including (but not limited to):

1) variation in individual brain morphologies, 2) differing background brain activity, and

3) inconsistency in placement of electrodes and parameters used in treatment (Ramaraju

et al., 2018). Additionally, the majority of studies use small numbers of participants,

rendering statistical significance difficult to obtain.

One solution to these issues is to create and utilise predictive models (Wang et al.,

2015). Finite element models (FEM) have been developed to anticipate the locations in

the brain that the stimulation will reach (Neuling et al., 2012; Datta et al., 2013). Animal
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models allow in vivo and in vitro recordings of the neuronal response to stimulation to

help in untangling mechanisms. There have been a small number of computational models

which also attempt to untangle the mechanisms behind the interaction of electric fields

with neuron populations (Reato et al., 2010; Molaee-Ardekani et al., 2013; Fröhlich and

McCormick, 2010; Bonaiuto and Bestmann, 2015); for an in-depth review see Ruffini et al.

(2013).

An intuitive approach to incorporating electric field stimulation in computational mod-

els is to treat the stimulus as a direct change to the membrane potential of neurons within

the extracellular field. The degree of polarisation can be simulated in reconstructed neu-

rons that include some morphological detail (Rahman et al., 2013). In network models

point neurons have been used, where only pyramidal neurons are considered to be affected

by the stimulation due to their geometry (Reato et al., 2010). At the neural population

level, a similar extrapolation has been used with the stimulus modelled as a perturbation

of the mean membrane potential (Molaee-Ardekani et al., 2013). It was assumed that

the perturbation is linearly related to the stimulus amplitude and direction dependent

(relative to the stimulus field). Interestingly, the authors found that when including the

effect of the stimulation field on interneuron populations, the model produced a better

prediction of experimental measurements. Additionally, at the population level, modelling

of TES can be combined with the FEM approach. MRI-derived head models simulate

realistic electric fields and inform the positioning of neural populations (Merlet et al.,

2013; Kunze et al., 2016).

The model presented herein follows on from the ideas of Merlet et al. (2013) in com-

bining a FEM approach with a neuronal population model. Unlike Merlet et al., I use

a detailed model of neuronal tissue rather than a mean field approach, which allows the

inclusion of neuron orientations and simplified morphologies. These are important in cap-

turing the reaction of neurons to an electric field, as single neuron models have indicated

that an orientation aligned with the electric field would show the greatest response to

stimulation (Rahman et al., 2013). This is supported by recent experimental evidence

from motor-evoked potentials (Rawji et al., 2018). Another way in which this model dif-

fers from others available is that it is integrated into the VERTEX simulation toolbox

(Tomsett et al., 2015), which is a MATLAB based freely available software tool that can

31



be found at http://vertexsimulator.org. Our model allows simulation of local field poten-

tials as recorded by microelectrodes and adjustable tissue parameters allowing a user to

create detailed reconstructions of different brain areas.

I validate the model results with a comparison to a previous experimental study by

Fröhlich and McCormick (2010), where the authors applied a 4mV/mm DC electric field

to a slice of ferret visual cortex in vitro. The authors reported three main findings which

I also observe in the VERTEX model: 1) small net depolarisation in single neurons, 2)

acceleration of intrinsic oscillations, and 3) spatial dynamics accross layers are modulated

but still maintained. In order to replicate these findings I recorded the local field po-

tential (LFP) from simulated electrodes to find changes in the background oscillations.

The LFP was recorded at a number of locations accross the simulated slice, spanning

different layers to allow us to evaluate the spatial dynamics. I recorded the soma mem-

brane voltage throughout simulations from a subset of individual neurons in order to test

for a net depolarisation. I finally use the VERTEX model to predict the impact of a

reversed ‘cathodal’ field in the same ferret cortex set-up. I find that this reversal of the

field produces almost opposite results from the ‘anodal’ field, including a deceleration of

oscillations and a hyperpolarisation of the neurons, coinciding with reduced overall firing

from the neurons as a whole.

3.2. Methods

The VERTEX toolbox is built in MATLAB and the finite element modelling requires the

partial differential equation (PDE) toolbox and MATLAB version R2016a or later. All

simulations were performed using MATLAB 2016b. Further details about the VERTEX

toolbox can be found in Tomsett et al. (2015). It is a simulation tool which can be

used to build detailed, biologically informed models of layered brain tissue from different

brain regions or animals. I have extended this software tool to include electric field

stimulation with inputs from finite element models. The software can be downloaded

freely at http://vertexsimulator.org.

3.2.1. Applying electric fields.

Field stimulation is applied in VERTEX following the hybrid FEM-cable approach, as

outlined by Joucla et al. (2014), first finding a finite element model solution to the electric

field and then applying the result via the cable equation to the neurons themselves. Whilst

32



there are alternative methods, including the whole FEM approach also outlined by Joucla

et al. (2014), the hybrid approach allows for integration with the VERTEX toolbox as well

as meaning that in the future VERTEX may be interfaced with external FEM software;

both commercial such as HD Explore by Soterix (SoterixMedical, 2018), or freely available

such as SimNibs (Thielscher et al., 2015). The major criticism of the hybrid approach is

that the underlying assumptions - 1) that the extracellular potential field is unaffected by

the presence of neurons; 2) that potentials are uniform over compartments - are invalid

when neurons are close to the stimulation electrodes (Joucla et al., 2014). This is not an

issue with tDCS, where the electrode fibre distance will be greater than 0.1mm and less

than 10cm (Schnabel and Struijk, 2001).

The finite element models used in this thesis were all generated within MATLAB

using the partial differential equation (PDE) toolbox. A geometry file was generated in

Blender (Blender Online Community, 2016), an open source 3D modelling software, and

loaded into MATLAB. The geometry was then imported to the PDE toolbox with an

‘STL’ file format and boundary conditions were assigned to the faces of the geometry.

All boundaries in the geometry which were not acting as current sources were given a

Neumann boundary condition:

σ5 V · n = 0 (3.2.1)

Here, n is the outer vector normal to the boundary, V is the electrical potential in

Volts, σ is the conductivity in Siemens per metre, and 5 represents the gradient. The

boundaries representing electrodes or other current sources were given Dirichlet boundary

conditions, h ∗ V = r. Dirichlet boundaries take two parameters, a weight ‘h’, which was

always set to 1 for simplicity and an electrical potential ‘r’, representing the electrical

input into the model in Volts. With h set to 1 this means that r directly represents V in

this condition.

I then solve the Laplace equation:

−5 · (σ5 V ) = 0 (3.2.2)
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This follows the standard method used in finite element modelling of tDCS (Datta

et al., 2012; Parazzini et al., 2014; Miranda et al., 2013). This is a special form of the

elliptical Poisson’s equation:

−5 · (σ5 V ) = Q (3.2.3)

Current density J relates to Q by 5 · J = Q, while J is related to the electric field E

by J = σE. The conductivity σ was set to 0.276 S/m (Wagner et al., 2004). The PDE

toolbox inbuilt functions can mesh the given geometry and, once boundary conditions

are defined, it then solves the Poisson equation and outputs the electric field and current

density for the volume of the given geometry. This is implemented in VERTEX in a

function which can be passed a maximum current value and a geometry file for ease of use.

The VERTEX 2.0 software release will include a number of preset fully tested geometries

to enable users to be able to start using this functionality immediately (Thornton et al.,

2019). Instructions for how users can integrate and test custom geometries will also be

provided in documentation .

The interaction of the stimulation field with the modelled neurons is based on the cable

equations described by Rattay (1999), applied to each compartment. The electric field

from the finite element model is interpolated at the location of each compartment and

then the field values are applied to update the axial currents of the neurons. The recent

paper by Thornton et al. (2019) goes into more details on the stimulation implementation

and shows the impact of stimulation on individual neurons with both reduced and detailed

morphologies.

3.2.2. Cortex model.

The cortical slice model was constructed using a modified version of the model presented

in Tomsett (2014), which relies heavily on cat data from Binzegger et al. (2004). The ferret

and cat visual cortex have been found to show close similarities (Fox and Marini, 2014;

Law et al., 1988; Rockland, 1985), making this a reasonable approximation for replicating

the experimental data. Layers 2 and 3 are combined for simplicity in the model, referred

to as layer 2-3 in this work. The neuron parameters were modified and the slice size,

layer boundaries and neuron density (set to 50,000 neurons/mm2) were all changed to

fit the ferret visual cortex. The neurons for each layer use the same characteristics and
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morphologies as the model introduced in Tomsett et al. (2015). Morphologies are reduced

from those presented in Mainen and Sejnowski (1996) and compared in Tomsett (2014)

against cat visual cortex neurons from Kisvárday and Eysel (1992); Contreras et al. (1997).

Neurons are initiated to be aligned vertically within the slice, and then given a random

rotation angle within 45 degrees of the vertical axis. To produce the slow background

oscillation patterns the noise input to different neuron populations was adjusted, as were

the synaptic delay parameters. The parameters used are shown in table S9 and the model

itself is available at https://github.com/Fehings/Vertex git.git along with tutorial files

for replicating the results. Fig. 3.1 shows an overview of the cortical slice in an electric

field, with example recording results which exhibit the slow background oscillations. In

the VERTEX model I used more recording electrode positions than in the Fröhlich paper

to get a clearer idea of changes across layers, as there are no restrictions to recording in

the model and the simulated electrodes do not damage the tissue.

3.2.3. LFP recording and analysis.

Electrode recording points were specified spanning the whole cortical slice to simulate

LFP recordings from multielectrode arrays, using 91 recording sites with 0.1mm spacing.

The LFP is simulated by combining signals from neurons surrounding the recording point

as outlined in greater detail in (Tomsett, 2014).

In order to assess the impact of the electric field on ongoing oscillatory activity, I ran

the cortical slice model for 2 minutes of simulation time and for 30 different noise seeds.

The model was initiated with all neurons at their resting potentials, and random noise

input was given at each time step to all neuron populations according to the parameters

specified in table S9. The slice model by default produces slow oscillations at a rate of

close to 1Hz. Electric fields were applied after 100ms and maintained until the end of

the simulation. In the no stimulation case a zero-valued electric field was applied for the

same amount of time in order to keep the comparison conditions as close as possible. For

each run of simulations (with the different field orientations and the zero-field), the same

set of noise seeds were used. This allows for pairs of the same noise seed to be compared,

where the differences between the runs are due to stimulation rather than noise.

For comparison pairs with the same noise seed I calculated three summary measures

using the LFP signals averaged within layers. 1) The frequency shift was found using a fast
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Figure 3.1: Part A shows an image from the Fröhlich paper of the electric field that
was used in their experimental set up Fröhlich and McCormick (2010) with the grey box
indicating roughly the area that the VERTEX slice is simulating. Part B shows the
simulated ferret slice neurons, indicated by shapes for different neuron types which are
identified in the key, within a DC electric field with a 4mV centre point similar to the
electric field used in the Fröhlich experiments. Part C shows the activity traces in an
average Local Field Potential plot, and part D shows this in a spike raster plot; both
illustrate slow oscillations which are close to 1Hz in frequency.

Fourier transform on the LFP from each electrode and comparing the peak frequencies of

the signals. 2) Signal amplitude changes were compared by taking the root mean square

(RMS) of the signals after deduction of the signal mean to account for the DC shift. 3)

The DC shift of the signal was approximated by taking the difference between the means

of the stimulated condition and the unstimulated condition. These measures were found

for each noise seed using the pairs of stimulated and unstimulated conditions which shared

the same noise.
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The neuron spikes were recorded by time point and neuron ID for all simulation

runs. These spikes were used to make the spike raster plot in Fig. 3.1. Spike counts

over time are plotted in Fig. 3.3 B, to show a close replication of the multiunit activ-

ity from the Frohlich model (Fröhlich and McCormick, 2010). I found the percentage

change in number of neuron spikes by neuron population for Fig. 3.3 D. The spike counts

were additionally divided by excitatory and inhibitory neuron types, and plotted against

the different LFP measures introduced above in supplementary Fig. S7. Functions to

create these plots will be included in the VERTEX 2.0 release and can be found at

https://github.com/Fehings/Vertex git.git.

3.2.4. Membrane potential recordings.

To confirm the change in membrane potentials under stimulation I set the recording pa-

rameters to sample the membrane potentials from a subset of 200 neurons spread across

all neuron populations, at a sampling rate of 1000 samples per second. The neurons in

the model are automatically assigned identification numbers, starting with the pyramidal

population in layer 2-3 and increasing in number with different populations and for de-

scending layers. I recorded from neuron IDs in steps of 100 to get a sample of neurons

from different populations, with numbers of neurons recorded from in different populations

roughly proportional to the number of neurons in that population. See supplementary

table S9 for a list of all neuron populations.

I additionally simulated isolated neurons without noise, with and without stimulation.

These experiments allow us to identify the change in membrane potential for different

neuron types without the confusion of noise. These experiments also allow the change in

compartment membrane potential to be recorded. Saving changes in all compartments

would be too memory-intensive for full simulations, where I only record from the soma.
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3.3. Results

I compare the simulation results to a published electric field stimulation experiment find-

ing concurrence in the main observations. I finally show a variant on the experimental

protocol with a changed field orientation to demonstrate the predictive power of the soft-

ware.

3.3.1. Application in an in vitro example.

I replicated results from an existing in vitro study in VERTEX to demonstrate that the

model of electrical stimulation can capture the main reported effects of stimulation. In

order to replicate this I present a cortical model replicating slow oscillations (∼1Hz) in

the ferret (Mustela putorius furo) visual cortex.

An example of an electric field generated in the VERTEX stimulation framework is

shown in Fig. 3.1 B with the soma positions of different neuron types plotted inside the

field. The slice schematic additionally shows an overview of the neuron types and soma

positions in each layer in the ferret visual cortex slice model. Fröhlich and McCormick

(2010) demonstrated the impact of transcranial electrical stimulation on ferret visual

cortex exhibiting slow (< 1Hz) oscillations. Part A) of figure 3.1 shows the field used

in the Fröhlich experiments for comparison (Fröhlich and McCormick, 2010). The slow

oscillation pattern is shown in Fig. 3.1 with an average of the local field potential across all

recording electrodes 3.1 C, and a spike raster plot 3.1 D. Electric fields in this framework

are not restricted to simple volumes but can cover complex shapes. This is demonstrated

in supplementary figure S6 showing an example electric field over a morphology extracted

from an MRI derived 3D rendering of a brain (Winkler A.M., 2017). In the results reported

in this chapter a rectangular field (as would be generated by bar electrodes in vitro) is

used both for simplicity and to allow the potential for in vitro validation of results.

Small net depolarisation of individual neurons.

The Fröhlich paper took intracellular recordings of infragranular (layer 5/6) neurons,

finding a depolarisation effect in the presence of the 4mV/mm electric field. Fröhlich and

McCormick (2010) reported a net depolarisation in the 4mV/mm field of 1.29 mV, ± 0.2

mV. This depolarisation is within the range found in Fig. 3.2 for the layer 5 (infragranular)

pyramidal neurons, both in the compartmental changes shown in part A and in the soma

membrane change in part B. The computational model allows us to predict that this
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level of depolarisation is the case for pyramidal neurons, but not for other neuron types -

the interneuron stimulated in parts C and D of Fig. 3.2 shows a much smaller change in

membrane potential. This difference in response from different neurons is also clear from

part E, where there are a range of changes in soma membrane potentials. This range is

likely in part due to the different cell types, and also due to differences in orientation of

individual neurons. Each neuron is randomly rotated up to 45 degrees from the default

orientation to account for natural variation. Overall, this small, subthreshold change in

somatic membrane potential is replicated in the VERTEX model.

Acceleration of intrinsic oscillations.

The main result reported in the experimental literature I am attempting to replicate is

the acceleration of the slow oscillations in the presence of a DC electric field (Fröhlich

and McCormick, 2010). The figure illustrating this finding is shown in part A of Fig. 3.3.

This is a finding which the model replicates in Fig. 3.3, illustrated in part B, with a

corresponding plot of spike counts over time from all neurons. This is an example from a

single simulation, replicating the pattern found in the multiunit activity of the experiment.

Part C shows the change in frequency over all simulations, and whilst it is not so obvious

that there is an acceleration in every case, there is a clear heavy tail to the distribution

in favour of acceleration. The mean supports this, lying above zero. Part D shows the

percentage changes in spike counts due to stimulation, split by neuron type. In this

plot there is a general positive shift, particularly for the excitatory pyramidal neuron

populations, which could be an explanation for the acceleration in the majority of cases.

Modulating, but not overriding, intrinsic spatial dynamics.

A third observation from the Fröhlich paper is that the spatio-temporal profile of the

local field potential accross layers is maintained with stimulation. This was reported from

multisite electrode recordings spanning the depth of the slice. There is a modulation

observed similar to the overall pattern of increasing oscillation frequency, however this

does not change the existing pattern of layer differences.

Fig. 3.4 shows LFP measures split for different layers to illustrate this. Part A shows

the averaged LFP for different layers, with the red trace corresponding to the stimulated

conditions and the black traces corresponding to the no stimulation condition. The form

of the oscillations change throughout the layers, but is retained with the stimulation

conditions. Most notably, there is a reversal in the oscillations between layers 5 and 6.
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The change in response to stimulation is clearer at the extremes of the cortical slice. This

is likely due in part to the larger proportion of pyramidal neurons in the outer layers (2-3,

6) which are the neurons which respond most strongly to the field - see Fig. 3.2. This is

a replication of the Fröhlich and McCormick (2010) observations.

Whilst this pattern is retained in the stimulation conditions, there are notable differ-

ences due to the stimulation which are better illustrated in plots B-D of Fig. 3.4. The

histograms are constructed for different noise pairs of stimulated and unstimulated con-

ditions. Part B shows the amplitude shift, the amplitude appears to change across layers,

with a reversal from decrease in amplitude to increase descending though layers. Part C

shows the DC shift, which again shows a clear pattern down the layers with a reversal in

sign between layers 2-3 and layer 5. The frequency shifts in part D have a more subtle

change. The distributions in different layers all appear to have a heavier tail towards

positive frequency shifts, indicating accelerations. The means for all layers apart from

layer 5 are above zero. The frequency shift appears more dependent on the system noise

than the DC shift or amplitude.

3.3.2. Further model predictions for the in vitro case.

Figure 3.5 shows model predictions for the application of a cathodal field to the slow

oscillating ferret cortex slice. Part A shows the spike counts over time, where there is

no clear accelaration visible until the end of the trace, unlike with anodal stimulation in

figure 3.3 part B. Figure 3.5 B shows the mean frequency shifts across multiple runs, with

the mean (shown by the black line) marginally below zero. The change in frequency with

cathodal stimulation is very variable in this case, less clear than with anodal stimulation.

However, a clear trend is visible in part C, where the percentage change in spike counts

by population is shown. The majority of neuron populations show a decrease in spiking

with cathodal stimulation.
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Figure 3.2: Plot A shows the response of an individual layer 5 pyramidal neuron, using
the reduced morphology present in the VERTEX simulator, to the electric field. Com-
partments are coloured according to the difference in membrane potential in mV. The
field was applied with a strength of 4mV/mm in the absence of noise. Part B shows the
corresponding soma membrane potential trace over time comparing the no stimulation
with the stimulation condition. Again there is no noise present, although a brief step
current is applied to induce a spike of activity. These plots are echoed below in parts
C and D, where the simulations are repeated for the inhibitory basket interneuron. The
colour scales show that the change in neuron compartment membrane potentials are much
smaller for inhibitory interneurons compared to pyramidal neurons. This is shown all the
more clearly in part D where the changes in soma membrane potential over time shows
a very minimal shift. The magnified inset shows membrane potential differences. Part E
shows the average change in soma membrane potential for a subset of the neurons across
the model, recorded during the slow oscillation experiments.
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Figure 3.3: The plots shown all compare modelling results for tissue stimulated with a
DC field of 4mV/mm with the same tissue without stimulation. Part A is one of the
original figures from the Fröhlich and McCormick (2010) paper showing the increase in
frequency of oscillations with stimulation that they observed. Part B shows the spike
counts over time for all neurons as a comparison with the multiunit activity shown in the
Fröhlich and McCormick (2010) figure in part A. The acceleration due to stimulation is
highlighted using lines connecting the spiking peaks for both conditions. This was plotted
for a representative pair of stimulated and unstimulated simulation runs for one noise seed.
The histogram in part C shows the mean frequency shifts for pairs of no stimulation and
stimulated runs with the same noise seeds, for 30 different simulation runs. The mean
is shown by the solid black line and the standard deviations by the dashed black lines.
The plot in D shows the percentage change in the number of neurons spiking between
no stimulation and stimulated conditions for 30 different noise seed pairs, divided up by
the neuron population in the model. The labels on the x axis represent the populations,
where P = pyramidal neurons, B = basket interneurons, NB = non-basket interneurons
and SS = spiny stellate neurons. The numbers after the letters represent the layers that
these neuron types are in. Where there are repeats with brackets (e.g. P5(-23)) these
neuron populations are subdivided by their projections into other layers, the layers they
project to are indicated in the brackets. (see table S9 for more details).
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Figure 3.4: Part A shows the local field potential averaged for each layer for the network
with noise present and background slow oscillations, for one noise seed. The black traces
are the LFP for the no stimulation condition, and the red traces show the LFP with the
DC field applied. The remaining plots show histograms for different measures derived
from the LFP and separated by layer. Part B shows the change in root mean squared
amplitude, C the DC shift, D the frequency shift. In each case these are the shifts that
occur in the presence of stimulation relative to the no stimulation condition for the same
noise seed. The data points in the histograms are for the subset of electrodes present in
each layer for 30 different noise seeds. The mean is shown by a red line in each histogram
and the standard deviations are shown in black.
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Figure 3.5: Part A shows the spike counts over time for a single noise seed, with the upper
trace in black for the no stimulation condition and the blue traces in the lower part for
the cathodal stimulation condition. As with the spike counts in Fig 3.3, the changes in
frequency are shown by the black lines connecting the peaks. Part B shows a histogram
of the mean changes in frequency compared pairwise to the no stimulation condition for
30 different noise seeds. The black solid line represents the mean value and the dashed
black lines represent the standard deviation. Part C shows the percentage change in the
numbers of neuron spikes divided up by neuron population, again with each data point
representing a pair of stimulation-no stimulation conditions for the different noise seeds.
The labels on the x axis represent the populations, where P = pyramidal neurons, B =
basket interneurons, NB = non-basket interneurons and SS = spiny stellate neurons. The
numbers after the letters represent the layers that these neuron types are in: where there
are repeats with brackets (e.g. P5(-23)) these neuron populations are subdivided by their
projections into other layers; the layers they project to are indicated in the brackets. (see
table S9 for more details).
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3.4. Discussion

3.4.1. Comparison with experimental results.

The experiment by Fröhlich et al. (Fröhlich and McCormick, 2010) replicated in silico in

this paper was not originally designed to be an exploration of the mechanisms of tDCS.

However, the acquisition of multielectrode array data and information from different layers

alongside LFP recordings made the paper a good target as a test for the VERTEX model.

The ferret visual cortex model is derived from available biological data, and whilst

there are many approximations made, the model does show a similar activity pattern to

the slow oscillations demonstrated in the Fröhlich et al. paper. The demonstrated slow

activity in the unstimulated state, and the response of the slow oscillations in particular

to stimulation, provide reassurance of the reliability of the ferret visual cortex model.

It would of course be ideal to test further the predictive abilities of the model in an

experimental setting.

Fig. 3.3 replicates the main observations recorded in Fröhlich’s paper. The major

finding was an acceleration in the slow oscillations with the 4mV/mm electric field, and

this was observed in my simulations, most clearly shown in Fig. 3.3 B. I also found

replication of the intracellular recordings finding of voltage depolarisation, with a similar

level of soma depolarisation evident in the pyramidal neurons (Fig. 3.2 B). The lower level

of depolarisation found in the inhibitory neurons leads us to predict that the recordings

taken in Fröhlich and McCormick (2010) were most likely from pyramidal neurons.

Finally, the changes observed in the layers remain consistent across different simulation

runs, where the stimulation changes the amplitude of the ongoing oscillations, but not the

overall waveform. Most notably in layer 6, there is a reversal in the waveform compared

to the other layers which is consistent for stimulation and no stimulation conditions. This

is another observation that is consistent with the findings in the Frohlich paper.

Possibly unsurprisingly, the model shows that the effects of the stimulation are not

always so clear cut, and noise can overpower some of the effects that are observable in

individual cases. The histogram of frequency shifts over all simulation runs demonstrates

this, in Fig. 3.3. Whilst the skew towards acceleration is evident, the model displays

some cases where the opposite trend can occur, dependent on the noise seed chosen.

This finding is consistent with the fact that the currents applied in tDCS tend to be
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subthreshold, meaning the neurons are not induced to spike: they are instead shifted

closer to or further from the firing threshold. In this case with anodal stimulation we

see a push towards the firing threshold, evident in the soma membrane traces in Fig. 3.2

B, and borne out in the general increase in spike rates in Fig. 3.3 part D. Given this

mechanism of effect, it makes sense that the modulation is noise dependent. That being

said, for some measures there are clear skews for the majority of simulations, particularly

the amplitude and DC shift as shown in Fig. 3.4 parts B and C.

3.4.2. Predictions of layer-wise changes.

In the previous section, the DC stimulation validation results were replications of those

reported in the originial experimental paper (Fröhlich and McCormick, 2010). Now I

discuss results which are effectively predictions, and which go a step beyond what has

been experimentally recorded and reported. Fig. 3.4 shows an exploration of the impact

of the stimulation across different layers. The model easily allows these kinds of results

to be presented and analysed, as there is no limit to the number of recording electrodes

simulated or to the locations they can assume, and there is a certainty as to which

layer they occupy. These advantages over experimental recordings allow us to use the

VERTEX model to make some predictions about these otherwise hard to measure effects

of DC stimulation.

In this case, in Fig 3.4 VERTEX predicts that the profile of the oscillations is not

much changed. However, there is both a DC shift and a shift in LFP amplitude, both

of which are more prominent towards the extremities, and which, for the DC shift, is

inverted towards the bottom layer of the slice. These measures are shown most clearly in

the histograms in parts B-D of Fig. 3.4, with evident changes throughout the layers for

the RMS amplitude and DC shift.

The shift in amplitude is perhaps intuitive given the results of Fig 3.2, where the

electric field gives a consistent change in the resting potential of a single unconnected

neuron, dependent on the field orientation. The shift in amplitude is possibly a result of

increased spiking, and spikes occuring slightly earlier than they otherwise would due to

neurons being pushed closer to the firing threshold. This is supported by plots comparing

spike counts with the LFP measures in supplemental Fig. S7.
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3.4.3. The potential for further predictions.

I used the ferret experimental framework to demonstrate the predictive power of the model

with a simple reversal of the field orientation in Fig. 3.5. The cathodal predictions are

in line with literature, showing a decrease in total spikes and a reversal of the DC shift

compared to the anodal field. Whilst this example was a straightforward simulation to

run, it demonstrates how the VERTEX model can quickly produce predictions which could

save on experimental time and resources. VERTEX could be used to predict the most

effective field orientation and intensity prior to an experimental protocol. With further

work, particularly the development of a human tissue model in VERTEX and integration

with FEM software, I hope to see VERTEX become a powerful tool for informing and

improving stimulation parameter choices in future experiments.

3.4.4. Limitations of the study.

The model presented here is by its nature an approximation of reality, and as such there

is a lot of biological detail that is not included, some of which may play a role in the

response of networks to stimulation. Glial cells are not included in the model, and in all

of the tissue models layers 2 and 3 are combined into one for simplicity. Particularly in

the ferret model, much of the data used to inform the model was taken from cat visual

cortex rather than ferret, and while there is evidence that the cat has a similar visual

cortex to the ferret (Fox and Marini, 2014; Law et al., 1988; Rockland, 1985) it will likely

have some differences not captured here.

Endogenous electric fields are also likely to have an effect on the recorded response

to stimulation, and these are not currently represented in the model. The axon com-

partments are not fully represented in the simplified morpologies, as connections between

neurons are not captured by the morphologies but rather generated when the model is ini-

tiated. The simplified morphologies have been shown to give a reasonable approximation

of a detailed neuron response to electric fields, (Tomsett, 2014) however it is certainly

likely that there is some detail in the individual neuron response not captured by the

current model. Another more general limitation of tissue models, like the one presented

here, is that predictions about changes in network activity do not easily lead to predic-

tions about the impact at the cognitive level, which would be desirable for tDCS. Further

experimental validation would of course also be of great use to the model.
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3.4.5. Future work and improvements.

The work shown here presents a model which can, in its current form, be applied to

mechanistic questions about the impact of electric field stimulation on simulated regions

of brain tissue. Upcoming work will be to attempt further experimental validation to lend

additional credence to the reliability of this software, particularly for predictions from

models of field effects in different species and regions. Additionally, I hope to expand

the software to allow the electric fields generated by the neurons to impact back on the

neurons themselves, as this is likely a process which occurs naturally and it would improve

the accuracy of the model to include it, as well as being an interesting topic of study in

and of itself. Following this, I hope to apply VERTEX to the perhaps more challenging

and exciting problem of predicting the optimal stimulation modalities for treatment of

patients in clinical applications.

The current VERTEX simulations involve patches of tissue which can be rectangular

or cylindrical, however in reality the brain is folded and this impacts the orientation

of neuron populations. One intended extension to the VERTEX model is therefore to

include the functionality to simulate folded areas of tissue. Additionally, having multiple

connected VERTEX regions would allow us to examine the impact of stimulation at

longer ranges and across cortical connections. A further extension which would enhance

the model is the inclusion of plasticity dynamics. One frequent experimental observation

reported in literature is the lasting aftereffects of stimulation, which can be observed for

30 minutes or more following tDCS (Nitsche et al., 2005; Weber et al., 2014; Stagg and

Nitsche, 2011; Liebetanz et al., 2002). VERTEX 2.0 includes implementations of spike

timing dependent plasticity and short term plasticity (Thornton et al., 2019). I hope to

combine the stimulation and plasticity in a future study to see whether VERTEX can

give any insight into the mechanisms behind tDCS aftereffects.

One limitation already noted is that there is still a gaping gulf between predicting

neuronal firing effects and actual changes at the level of cognition. However, by combining

the VERTEX model with existing behavioural models, it will be possible to speculate

about the effects of stimulation and to come up with testable predictions. For example,

if we were to assume that anodal tDCS over the DLPFC would lead to increased cortical

excitability and plasticity (as is often the assumption in montages for depression treatment

(Brunoni et al., 2016a)), then we can test whether a given electric field is liable to create
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that effect within a model of the DLPFC in the VERTEX simulator. This, or a similar

hypothesis, can then be tested under experimental conditions. See Fig 3.6 for a schematic

outline of how this could be accomplished for any given region.
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Figure 3.6: The schematic shown here describes the data that feeds into the tissue model
from different sources. The model outputs can then be used to refine stimulation param-
eters and for discerning further influences of the electric field impact.

For such a workflow to be realised there are a few further pieces of work which need

to be carried out, firstly the development of a model of human tissue within VERTEX,

which is feasible given available data and could ideally be tested by comparison to surgi-

cally resected human tissue in in vitro experiments, such as Roopun et al. (2010) where

electrophysiology recordings were aquired from resected tissue from epilepsy surgery can-

didates. Additionally, interfacing VERTEX with purpose build finite element modelling

software will allow for easier predictions of the impact of a given electrode placement in

in vivo experiments.
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3.4.6. Summary.

I have introduced a model of electric field stimulation which builds on the current literature

by taking the electic field as an input and calculating the effect on neurons individually.

Simplified neuron morphologies mean that large numbers of different neuron types can

be simulated simultaneously, including neuron orientation and morphology information.

I demonstrated that the VERTEX model matches existing experimental results, and can

allow us to examine the impact of stimulation by layer and neuron type. I present this

stimulation model in the hope that it can be used as a tool for 1) better understanding

electric neurostimulation; 2) aiding in the choice of stimulation parameters; and 3) for

predicting success or failure of interventions. In the following chapter I continue to explore

this model, showcasing additional functionality and the importance of field orientation.
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CHAPTER 4

Modelling non-invasive intervention: analysis and applications

One of the most promising uses of transcranial direct current stimulation (tDCS) is as a

treatment for brain network disorders. Stimulation has minimal side effects and can be

more targeted than pharmacotherapy. Improving the predictability of tDCS as a treat-

ment is key to making this therapy a viable alternative to drugs. Incorporating patient

data to make personalised predictions can be a powerful way of improving treatment

efficacy and removing variability in results.

To this end, in this chapter I continue to explore the model introduced and validated in

chapter 3. I show the dependence of the neuronal response to stimulation on layer depth,

rotation and stimulation strength. I then introduce two additions to the model, applying

stimulation to multiple regions and to background beta oscillations. These extensions

set the stage for future model simulations exploring tDCS impact on disorders associated

with abnormal connectivity or beta oscillations. Such abnormalities are associated with

numerous network disorders which tDCS has already been proposed as a treatment for

(Basha et al., 2014; Little and Brown, 2014; Koelewijn et al., 2015; Hamandi et al.,

2011; Uhlhaas and Singer, 2010). They also allow further personalisation of the model

through incorporating connectivity and background activity data, laying the groundwork

for addressing the need for personalised interventions in brain diseases.

4.1. Introduction

In the previous chapter I introduced a model of electric field stimulation which can take

a field determined by a finite element model as an input to predict the neuronal response.

I showed that the model can replicate existing experimental results and generate novel

predictions. In this chapter I focus on potential applications of the model, introducing

extensions which can improve model utility. I first take a closer look at the impact

of the neuron shape and orientation on the neuron response. I show results for model

simulations without background noise to allow us to see the stimulation effect on different

neuron types as well as on the tissue as a whole.
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I next use the model to examine how an alternate background state can impact the

tissue response to stimulation. Background oscillations have been shown to make a dif-

ference to the neural response to stimulation in existing literature (Mitchell et al., 2007).

I first show changes for the slow oscillations introduced in the previous chapter, focusing

on the spatial profile of the stimulation response. I then compare these with an alter-

native background state, adapting the cortical model introduced in chapter 3 to exhibit

beta oscillations. This allows a more direct comparison to the slow oscillation simulations

already presented. The VERTEX simulator was initially validated with a comparison to

in vitro measurements of slow gamma oscillations close to the beta range in macaque

neocortex. The model replicated the spread of gamma oscillations across the slice (Tom-

sett, 2014). This established validation makes faster oscillations closer to the beta-gamma

range a logical choice to test with tDCS in the VERTEX model. In addition, a beta model

provides a foundation for future clinical applications of the model. Abnormalities in beta

oscillations have been associated with movement disorders and pain (Basha et al., 2014;

Little and Brown, 2014), and beta oscillations have additionally been associated with

different types of epilepsy (Koelewijn et al., 2015; Hamandi et al., 2011). These are disor-

ders where tDCS has been proposed as a potential treatment, so having a model of beta

modulation could prove useful for future work. The simulation results I present indicate

a greater consistency in stimulation effects with backgound beta oscillations compared to

slow oscillations. This is interesting, as inconsistent results are one of the main issues

with tDCS studies. It may be the case that monitoring background activity, or inducing

a particular background state, would be one way to limit this problem.

Finally I introduce a multiple region extension to the model. Different regions can

have different properties, neuron numbers, connectivity, and more. Many of the disor-

ders which tDCS has been proposed as a treatment for have an association with the

larger brain network. This is one reason why having a VERTEX model which can mimic

subnetworks at the level of brain regions could be useful. Additionally, the multiregion

extension of VERTEX allows us to anticipate potential build up of current in untargeted

regions, which could cause unintended side effects. This capability can also be harnessed

to predict stimulation parameters for targeting deeper brain regions, which would other-

wise be harder to stimulate with tDCS. The multi-region modelling introduced here could

even be used to produce a detailed whole brain model, using interregional connectivity
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derived from brain imaging techniques as used in chapter 3 of this thesis, although the

model would require large amounts of memory and computational resources to run for a

network of this scale. This opens up the possibility of using this model in the future for

personalised planning of stimulation interventions using patient derived connectivity.
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4.2. Methods

4.2.1. Simulations of stimulation in the absence of noise.

I set up simulations using individual neurons to show the impact of different electric fields

on the simplified neuron morphologies used in the model. For Fig. 4.1 I began running

simulations without noise. Individual neurons were simulated for 400 seconds with a

small step current applied at the 60 second mark, as evident in parts B and C in the soma

membrane traces over time. Parts A and C of the figure show the deviation from the

resting potential of -70mV for each compartment, indicated by colour. The anodal figures

were shown in the last chapter, but are repeated here for easier comparison. The entire

cortical slice model was then simulated without noise, while recording from a subsection

of neurons in each neuron population and layer, to find the soma membrane potential

changes due to the field - Fig. 4.1 part E. These simulations allow us to replicate the single

neuron recording findings from (Fröhlich and McCormick, 2010) as well as predicting the

changes at the neuron level for alternative field orientations. The stimulation used in all

cases was a 4mV/mm uniform DC field.

Continuing the assessment of field orientations on the model response, I simulated

the cortical slice model introduced in Chapter 3 in the absence of noise for a range of

elecric field orientations and intensities. To assess the DC shift induced by different fields

I took the difference in LFP mean between the stimulated cases and a zero valued field

simulation.

4.2.2. Orientation impact on the slow oscillation model cortical layers.

The slow oscillation simulations were set up as described in the previous chapter, with

different field orientations applied. For each condition the same 30 noise seeds were used,

to allow pairwise comparisons for each run. The LFP was measured by layer and measures

used in the previous chapter (amplitude, DC shift, frequency shift) were calculated for

each field orientation. The anodal figures are the same as were included in the previous

chapter, in order to provide an easier visual comparison. The frequency shift was found

using a fast Fourier transform on the LFP from each electrode and comparing the peak

frequencies of the signals. Signal amplitude changes were compared by taking the root

mean square (RMS) of the signals after deduction of the signal mean to account for the

DC shift. The DC shift of the signal was approximated by taking the difference between
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the means of the stimulated condition and the unstimulated condition. I additionally

show the change in spike number by layer, taking the sum of spikes from all neurons

within a given layer minus the same spike sum from the no stimulation condition. These

measures were found for each noise seed using the pairs of stimulated and unstimulated

conditions which shared the same noise. For further detail on the slow oscillation cortical

model see the methods section in Chapter 3.

4.2.3. Beta oscillations in the VERTEX model.

I modified the same cortical model from Chapter 3 to exhibit beta oscillations. The

parameter changes required to produce beta oscillations in the model are shown in sup-

plementary table S9. These were based on the noise input levels and synaptic timing

constants which were used in the macaque model introduced in Tomsett (2014). The

macaque model, implemented in VERTEX, was previously found to replicate slow gamma

oscillations recorded in an in vitro macaque neocortical slice.

I demonstrate beta oscillations in the cortical slice, and then apply a DC field at a

strength of 4mV/mm. This allows us to compare the impact of stimulation on the beta

oscillations with the impact of stimulation on the slow oscillations in the previous chapter.

I take the same approach to recording and analysis as in the slow oscillation model in

the previous chapter. Electrode recording points were specified in the same profile as the

slow oscillation model, spanning the whole cortical slice to simulate LFP recordings from

multielectrode arrays. The cortical slice model was simulated for 5 minutes of simulation

time and for 30 different noise seeds. The model was initiated with all neurons at their

resting potentials, and random noise input was given at each time step to all neuron

populations according to the parameters specified in table S9. I applied 4mV/mm electric

fields after 100ms and lasting until the end of the simulation. In the no stimulation case

a zero-valued electric field was applied for the same amount of time in order to keep the

comparison conditions as close as possible. For each run of simulations the same set of

noise seeds were used to allow pairwise comparison of the same noise seed. The same

summary measures computed for the slow oscillation model were computed for the beta

oscillation runs, see the above section for more details.

4.2.4. Extending the model to multiple regions.

I proceeded to implement a multiple region extension to the model. The multiregion
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model is set up by assigning the parameters and running the initialisation of the network

for each parameter set - or for identical regions the parameters, connections and electrode

structures can simply be duplicated. The simulations are carried out side by side using

a modified simulation script. The main difference from a single region model setup is

the inclusion of a population of ‘dummy’ neurons, which are set up with passive neuron

properties to act as a receiver for the spikes from external regions. They are the same

neuron type as the exporting populations. These neurons then generate within-region

connections in the same manner as normal neuron populations. The weights assigned

to these internal connections from the dummy populations represent the interregional

connection weights.

The interregional connectivity is then user specified in a parameter structure as a

matrix which can be either weighted or binary. In a non-binary matrix the weights

represent delays rather than connection weights. The connection weights are specified in

a connection parameters structure. The exporting neurons are specified for each region,

representing the population of neurons which will be exporting signals to other regions.

Finally the neuron populations which will recieve these incoming connections are specified.

If no populations are exporting or receiving then these fields are passed an empty vector.

The parameters, connections and electrodes structures generated by the network ini-

tiation function are stacked for the different regions and passed as a cell array to the

multiregion variant of the main script. This function then calculates how each region

changes over time, passing the actvity in the form of spikes from any connected export-

ing regions to recieving populations. If there are more exporting neurons than receiving

neurons, or visa-versa, the number of neurons is reduced from the larger set to match the

number in the smaller set. This does not reduce the actual number of neurons, just which

neurons will have interregional connections.

4.2.5. Setting up multiregion simulations.

To test the multiregion parameters I first set up a simple two-region model where both

regions used the same parameter set, including only excitatory pyramidal neurons and

inhibitory basket interneurons in a small tissue model mimicking layer 2-3 of the mam-

malian cortex. (See tutorial 2 on the VERTEX website for the full list of parameters).

The excitatory neurons from region 1 were set as the exporting population and a dummy
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population of excitatory neurons in region 2 recieved the external input. This setup was

used to test the connections in figures 4.6 and supplementary figure S8. For the first

simulation no delays were used and region 1 was given a large transitory burst of stimu-

lation at the 100ms mark to see whether the concurrent large spike in activity would pass

through to the connected region.

This protocol was repeated for the following simulations, where delays were also added

by increasing the value assigned to the outbound connection in the connectivity matrix in

order to test whether the stimulation could be seen in the connected region at a delayed

time compared to the first region. This was repeated for a further delay to ensure the

delay code was working. The supplementary figure shows a number of different-sized

networks, all coupled in a similar way to the two-region example, but with further regions

added and different connectivity profiles used.

For the electric field stimulation experiments I again used the small layer 2-3 model as

a proof of principle test of stimulation propagation. First a two-region model was set up

with connections from the pyramidal neurons in the first region to the pyramidal neurons

in the second region. No delays were used in these simulations. A zero-valued field and

an anodal 4mV/mm field were both applied, in each case for 30 noise seeds. As with the

beta and slow oscillation models, the simulations were then compared pairwise to look for

differences in the remote unstimulated region.

Finally, I show a simulation with three regions where two of the regions ‘1’ and ‘2’,

were connected to the third region, ‘3’. The model was simulated for three conditions,

first with a zero field (the no stimulation condition) applied to regions 1 and 2. Secondly

region 1 was given a 4mV/mm electric field and region 2 given a zero-value field. Finally

both 1 and 2 were given a 4mV/mm field. Again, these experiments were repeated for

multiple noise seeds for pairwise comparison. The changes in the connected region 3

were then evaluated. All multiregion simulations were run on a laptop computer running

macOSX, Matlab2016b, with 2 cores and 16GB memory.
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4.3. Results

I show here results from simulations which illustrate that the model output changes with

electric fields of different orientations, and that neuron responses are dependent on mor-

phology. I then compare these orientation dependent responses for different background

oscillations. I finally show an extension of the model to allow simulations spanning mul-

tiple connected regions. I demonstrate how stimulation effects can spread across regions,

including how this could be harnessed to target a connected region.

4.3.1. Capturing the impact of neuron orientation and geometry.

I begin by demonstrating the use of the VERTEX simulator for capturing differences in

the response to varied stimulation field orientations and strengths, both at the network

level and in individual neurons. Fig. 4.1 shows the impact of different electric field ori-

entations and neuron morphologies on the response to stimulation when there is no noise

present. Three field orientations are shown, with the default (0◦) rotation being an anodal

current, with the positive electrode at the top of the neuron/ slice model. Part A shows

the response to the field of a layer 5 pyramidal neuron with reduced morphology, repre-

sentative of all of the pyramidal neurons. The colouring of the compartments indicates

the amount of depolarisation relative to the resting potential of -70mV. Part B shows the

soma membrane potential over time, with comparisons in each case to the unstimulated

condition (in black). The most obvious change is a DC shift which is in the opposite

direction for the 180◦ condition, and a very subtle shift in the tangential 90◦ field.

Part C and D show the same information for the inhibitory neuron, where a much

smaller change in the compartment membranes is evident. The change is so small that

it is not evident in part D whilst the scale is the same as for the soma membrane traces

in B, so a zoomed in section is shown. At a much smaller scale the same pattern of

DC shift is still evident for the different field orientations. Part E of the figure shows

the change in soma membrane potential compared to the unstimulated condition for a

subset of neurons throughout the model. The somas are represented by circles in their 3D

coordinate postitions and coloured according to the membrane potential change. In this

way the difference in response to the electric field across different layers and neuron types

is visible, with the majority of neurons depolarised by the anodal field and hyperpolarised
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by the cathodal field. The response to the tangential field is again much smaller and so

harder to observe at the same scale.
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Figure 4.1: The figures in column A show the responses of an individual layer 5 pyramidal neuron, using the reduced morphologies present in
the VERTEX simulator, to different electric field orientations. Compartments are coloured according to the difference in membrane potential
in mV. Fields were applied with a strength of 4mV/mm and in the absence of noise. The figures in column B show the corresponding soma
membrane potential traces over time, comparing the no stimulation with the stimulation condition, again with no noise present and with a step
current applied to induce a spike of activity. These plots are echoed in C and D, where the simulations are repeated for the inhibitory basket
interneuron. The colour scales show that the change in neuron compartment membrane potentials are smaller for the inhibitory interneurons
compared to the pyramidal neurons. This is clear in part D, where the changes in soma membrane potential over time show a minimal difference
for all of the tested rotations. As with B, the black traces show the no-stimulation condition and the coloured traces represent the stimulated
conditions. The inset plots show magnified traces where a difference is evident. Part E shows the soma positions for a subset of the neurons
across the model in their 3D locations, where the zero height value is the grey matter/ white matter boundary. The colours of the markers
indicate the change in soma membrane potential compared to the unstimulated condition.
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Figure 4.2: The colours represent the DC shift in the local field potential for the stimu-
lation condition compared to no stimulation, with no noise. The DC shift is plotted for
a range of different angles and field strengths to show how the modulation appears to
change with these changing parameters.

Continuing to show the impact of field orientations in the model, Fig 4.2 shows the

DC shift in LFP for the cortical slice over different field orientations and intensities. The

simulations were conducted with no noise present - the neurons will therefore plateau to a

resting soma membrane potential a short time after initialisation of the model. The lack of

noise means that the changes shown are due entirely to the stimulation fields, providing a

baseline for the direction/intensity effect. These resting states converge to give a flat LFP

reading which is modulated by an electric field. This modulation is plotted for the field

angle in degrees, and field intensity (mV/mm). Whilst increasing intensity predictably

increases the modulation effect of the stimulation, the modulation is dependent on the

angle of the electric field in relation to the underlying neurons. Therefore just knowing the

stimulation intensity is not enough to accurately predict the network behaviour, and this

pattern will likely be complicated by the intrinsic noise in the system as well. Looking

at the aggregated averaged LFP signal gives an overview of the changes that can be

seen at the population level. These changes likely reflect the neuron level modulation,

as well as being more clearly influential on the cognitive level effects reported by tDCS

experiments. For example, a field that runs diagonally (45◦ or 135◦) through the tissue

61



needs to be roughly twice as strong (4mV vs. 2mV) to have the same DC shift effect as

a field perpendicular to the tissue (0◦ or 180◦).

4.3.2. Orientation impact on the spatial profile of slow oscillations.

I next examine the impact of orientation on the cortical model introduced in the previous

chapter, including noise resulting in slow oscillations. Results in fig. 4.3 are shown for three

different field orientations, all with a field strength of 4mV/mm. The changes by layer are

shown in a series of histograms for the anodal (0◦), cathodal (180◦) and tangential (90◦)

conditions. The most striking change when comparing field orientations is the reversal

in profile of LFP measures between the anodal and cathodal conditions. In contrast, the

tangential stimulation (90◦) shows subtle changes which are hard to pick up when placed

on the same scale as the other stimulation conditions.
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Figure 4.3: (Continued on the following page.)
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Figure 4.3: The arrows in the first column represent field directions for the corresponding
rows of figures. The figures in the second column, part A, show the local field potential
traces averaged for each layer for the network with noise present and background slow
oscillations, for one noise seed. The black traces are the LFPs for the no stimulation
case with the same noise seed, and the coloured trace (in each case coloured correspond-
ing to the field orientation) shows the LFP with the DC field applied. The remaining
columns show histograms for different measures separated by layer for the different DC
field orientations. Part B shows the change in root mean squared amplitude, C the DC
shift, D the frequency shift and E shows the percentage change in all neuron spikes. No
neuron somas are positioned in layer 1 in the model, so the top histogram for each of
the plots in column E is blank. For each measure these are the shifts that occur in the
presence of stimulation relative to the no stimulation condition for the same noise seed.
The data points in the histograms are for the subset of electrodes present in each layer
for 30 different noise seeds. The mean is shown by a coloured line in each histogram,
coloured corresponding to the field direction, and the standard deviations are shown in
black.

The first part of the figure (A) shows the local field potential averaged by layer for

a single run, comparing the no stimulation and stimulation conditions in the same plots.

The histograms in D-E pick apart characteristics of the LFP for all runs. Part B shows the

amplitude changes, where in all conditions there is a wider spread to the distributions in

the upper layers. Anodal stimulation exhibits a decrease in amplitude in upper layers and

an increase in layers 5 and 6, whilst the opposite trend is evident in the cathodal case. The

distributions of DC shifts are plotted in part C. This is the metric which shows the starkest

trends, and again a clear reversal with the rotation of the electric field. There is also a

similar reversal as that seen in B, where the DC shift changes sign between the top and

bottom layers of the slice. The frequency shifts in D, on the other hand, do not show any

clear changes across layers. They do show trends for the different field orientations though,

with acceleration evident in all layers apart from 5 for the anodal condition. This is not

the case for every simulation, but there is a heavy-tailed distribution skew towards positive

frequency shifts, and means above zero. The opposite pattern is observed for cathodal

stimulation, with all layers having a mean below zero, indicating an average deceleration.

However, this is a more subtle change, and a similar slight deceleration is evident for

tangential stimulation. The final set of histograms depict the percentage change in spikes

across layers. For anodal stimulation there is an average increase in spikes for all layers

but 4. From layer 4 downwards there is an increase in the spiking corresponding with,

and possibly explaining, the increase in amplitudes descending through the layers shown

in B. Again, this trend is reversed for cathodal stimulation.
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In summary, changes in the slow oscillation model agree with the no-noise condition

findings, with an inverted (cathodal) electric field inducing an opposite effect from the an-

odal field. These changes also invert across the span of the slice for the DC and amplitude

shift. Tangential stimulation has very little observable effect on the slow oscillations.

4.3.3. Testing the impact of stimulation on beta oscillations.

I next modified the synaptic rates and noise inputs to different neuron populations to allow

the model to exhibit beta oscillations. Fig. 4.4 shows the spike raster plot exhibiting the

fast oscillations, with the frequency domain signal plotted underneath showing a peak

just above 25Hz. Finally, at the bottom of the figure, the averaged LFP corresponding

to the spike raster plot is shown. These figures are all for the model without stimulation

and for one example noise seed. I proceeded to apply the same three field orientations to

the beta model as were used with the slow oscillation model. Results shown in Fig. 4.5

can then be compared to the plots in Fig. 4.3.

Figure 4.5 A shows the LFP averaged by layer for each field orientation, with the no

stimulation condition shown in black for comparison. Histograms in parts B-E then show

attributes of the LFP signals for all simulations, to allow us to identify trends that are

robust over multiple repeats. In all cases these measures are comparing the stimulation

conditions to the no-stimulation conditions. Beginning in part B, the amplitude shifts are

shown and there is a similar pattern across layers for the different stimulation conditions

as was observed for the slow oscillations. However the variance is greatly reduced and

the pattern of increasing (for anodal) amplitude descending through the layers is much

starker. The amplitude changes also appear to be more pronounced for both anodal and

cathodal stimulation in the beta condition.

The DC shift shown in C exhibits a very similar pattern to Fig. 4.3, with the major

difference being in the scale of changes. The DC shifts in Fig. 4.5 C are almost an order

of magnitude larger than the shifts for the slow oscillations, with the exception of the

tangential stimulation where there are very minimal changes. The frequency shifts shown

in D do not show a change across layers, with the exception of showing reduced variance

in layer 6. The changes for anodal stimulation appear very minimal, with means close

to zero and a skew, if anything, towards a reduction in frequency, decelerating. The

cathodal stimulation does show a clear effect, and there is a skew towards deceleration
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Figure 4.4: The beta oscillations exhibited by the cortical model are demonstrated in this
figure, using one example simulation run without stimulation present. Part A shows the
spike raster plot, where each marker indicates a spike, with the originating neuron ID
on the Y axis and the time point indicated by the X axis. Part B shows the frequency
amplitude for the same simulation run, with a peak frequency evident at 26 Hz. In part
C the averaged LFP is shown, corresponding to the spike raster plot in A.

clear in all but layer 6. There also appears to be a slight deceleration with the tangential

stimulation condition. Part E shows the changes in spiking over different layers. The main

trends evident are an increase in spiking across all layers for anodal stimulation, and a
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clear decrease for the cathodal condition. In both cases the trend is exaggerated with

descending layers. This is a much clearer picture than in the slow oscillation condition.

Even in the tangential stimulation condition, there is a marked decrease in spiking in

the lower layers. These trends remain consistent when the spikes are divided by neuron

population in part F. However, it should be noted that the percentage changes in spike

numbers are not as large in the beta condition as for the slow oscillations. Overall there

appears to be greater consistency in the orientation-dependent effect of the stimulation in

the beta model, potentially making beta oscillations a better target for modulation with

stimulation.

4.3.4. Testing connectivity between regions.

Figure 4.6 demonstrates a signal created by a large external input propagating from one

region to another in a simple two region model. The same simulation was run three times:

with no delays, with a small delay, and with a long delay. This was done to demonstrate

that the signal can propagate at a delayed rate to the secondary region. The networks are

shown in simplified schematics (in this case in part B) by the plots of mean LFP (A) and

spike raster plots (C), showing the responses to the stimulation, with coloured rectangles

indicating the time points at which the stimulation is applied in region 1. The signal

decreases in intensity as it propagates from the stimulated region to subsequent regions,

which is what you would expect in an actual cellular network. The four-region networks

shown in figure S8 show that the propogating effect drops off quickly in more remote

regions, to the point where it is hard to see any influence from a far removed region on

the averaged remote region activity.
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Figure 4.5: (Continued on the following page.)
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Figure 4.5: The arrows in the first column show field directions for the corresponding rows
of figures. Column A shows the averaged LFP by layer for one noise seed with slow oscil-
lations. The black traces are the LFPs without stimulation and coloured traces (coloured
according to field orientation) show the LFP with the DC field applied. Columns B-E
show histograms for different measures separated by layer for the different field orienta-
tions. Part B shows the change in amplitude, C the DC shift, D the frequency shift and
E shows the percentage change in neuron spikes. In each case these are shifts that occur
for stimulation relative to the no stimulation condition pairwise for matching noise seeds.
Coloured lines show the means and standard deviations are shown in black. In F the
percentage change in recorded spikes is shown by neuron population, with the red lines
indicating the means and the ends of the blue boxes representing the standard deviations.
The extent of the data is shown by the black bars protruding from the boxes. The neuron
populations are labeled below where the letter indicates neuron type (P: pyramidal, B:
basket interneuron, NB: non-basket interneuron, SS: spiney stellate) and the numbers rep-
resent the layer the neuron soma is in. The numbers in brackets distinguish populations
by outgoing connections, indicating the layer the population connects with.
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Figure 4.6: The stimulation time is shown with an orange colouration on the plots in part A and C, and in part C this is only shown for
the stimulated region. The three different conditions compared are different connection delays. The stimulation produced two large pulses
of activity, shown as synchronous spiking in the raster plots, which can be seen propagated to the second region at much lower amplitude in
the mean LFP plots, and with a less sharp spike recruitment in the raster plots. Part B shows a schematic of the two linked regions with a
unidirectional connection from region 1 to region 2.
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I next applied a DC electric field to a model with two regions and one directed connec-

tion from the first region to the second. The schematic for this is shown in Fig, 4.7 part

A. I compared the stimulation and control condition for 30 repeated simulations to look

for evidence of changes in the remote region which did not recieve stimulation. There are

strikingly clear changes in this case, with a clear positive skew in the amplitude (B) and

DC shift (C). The model exhibits fast beta/slow gamma oscillations, and the changes are

in line with predictions for the impact of stimulation on beta oscillations as observed in

Fig. 4.5, potentially explained by the similar frequency. There was also no clear change in

the frequency (results not shown), and a clear increase in the number of spikes observed

with the anodal stimulation (D). These results are again in line with the predictions from

the detailed cortical model with beta oscillations, indicating that the stimulation impact

may have a strong dependence on the background activity. Finally, in part F, the spike

changes are plotted by population. This includes the incoming spikes from the remote

connected region, where there is a predictable increase in spikes due to the stimulation

field applied to the connected first region. There is a clear impact of the electric field on

the remote region, at least in the instance tested with beta oscillations and connectivity

strengths set to a similar level to the internal connections.

4.3.5. Harnessing remote region effects.

Figure 4.8 illustrates one way in which stimulation effects transferring across connections

could be harnessed, with an accumulation of effects on a remote region. The schematics

shown in part A portray a simple three region model, with two of the regions (labelled

1 and 2) having outgoing connections to the same third region(3). In this instance, I

show the impact of three different scenarios. I compare a case where both regions 1 and

2 are subjected to a 4mV/mm anodal stimulation field with a case where just region 1 is

stimulated. I can then confirm whether there is a significant accumulation of stimulation

in a jointly targeted region. I compare both of these scenarios with a baseline control

simulation where there is no stimulation applied to any of the three regions. Thirdly, I

also include a final comparison with a cathodal field, to see whether the same accumulation

is possible for a field which the model has shown generally reduces spiking activity. The

results for this comparison are shown in rows B to E of the figure, comparing activity

measures over 30 different runs to confirm that observations are stable with differing noise.
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In part B of figure 4.8 we see the amplitude changes in region 3 for the different

conditions. The single remote region anodal stimulation (hereafter condition 2) shows

a very marginal change, and if anything a negative shift, which is suprising given the

positive shift shown for the combined anodal remote region stimulation (condition 1).

The cathodal stimulation (condition 3) shows a mirroring of condition 1, with a clear

negative skew. The combined stimulation of the target regions makes a clear difference in

this instance. The DC shift (in row C) was the measure which showed the clearest change

in the cortical slice experiments. In figure 4.8 the measure shows very minimal change

over all conditions although there is a small positive skew evident for condition 1, and a

negative skew apparent in condition 3. The reason for this is likely because the DC shift

is a direct effect of the stimulation on the neurons, as observed in Fig. 4.1. In region 3,

which does not receive direct stimulation, the DC shift is not passing through from the

interregional connections.

Part D shows the change in spikes overall compared to the no-stimulation condition,

and here the results follow expectations set by previous beta oscillation results. The

anodal condition shows an increase in spiking, whilst there is a clear decrease for cathodal

stimulation, despite the stimulation being indirectly applied. The contrast to the very

minimal increase in spiking in condition 2, with only one connected region stimulated, is

very striking. The stacked stimulation has a clear accumulation of effects. This is again

made clear in the plots in row E, where the percentage changes in spiking is shown by

population, including the incoming spikes in the third column. Whilst there is a positive

shift in condition 2, there were clearly runs where there were decreases in transmitted

spikes compared to the baseline. The impact of a single connected region in this scenario

is quite dominated by noise. The changes in conditions 1 and 3 are again far starker,

highlighting how powerful it could be to harness local connectivity to target remote areas.

Overall, it seems that there is a clear accumulation of stimulation effects in the remote

region when it is closely connected to more than one stimulated region. With the exception

of the DC shift, the impact on the remote target region corresponds in large part with the

effects you would expect if the region had been stimulated directly. Anodal stimulation

increases the neuronal firing and amplitude, whilst cathodal stimulation does the opposite.
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Figure 4.7: Part A shows a schematic of the simulations. A 2-region model was used, with
a connection from excitatory neurons in region 1 to excitatory neurons in region 2. In the
stimulation condition a 4mV/mm field was applied to region 1. There was no stimulation
in the control condition. Both regions exhibited beta oscillations. Comparison results
are shown in B-E with the dashed lines indicating standard deviations and a solid line
representing the means. The activity in region 2 during the stimulation condition was
compared with the no-stimulation condition on a pairwise basis for matching noise seeds.
B shows the change in amplitude. The DC shift is shown in C. D shows overall percentage
changes in spiking, and plot E shows the change in spikes divided by neuron population
in the model. In the box plots, the red bar represents the mean and the blue box limits
show the standard deviations. The outer black bars on each plot show data limits, and
red crosses indicate outliers.
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Figure 4.8: A shows schematics of simulations conducted to produce the results in B-E.
There were 4 simulation conditions, all with the same underlying model of connected
regions. Regions 1 and 2 both connect to the pyramidal population in region 3. The
first column of results are for the condition where regions 1 and 2 are stimulated with a
4mV/mm field. In the second column only region 1 was stimulated. In the third condition
a 4mV/mm cathodal field was applied to regions 1 and 2. For results in B-E, dashed lines
mark standard deviations and black lines mark means. The activity in region 3 was
compared between stimulation conditions and the no-stimulation condition pairwise for
matching noise seeds. Row B shows changes in amplitude. Row C shows the DC shifts.
Row D shows percentage changes in spiking, and plot E shows the change in spikes by
neuron population. In the box plots the red bar represents the mean and the blue box
limits show standard deviations. The outer black bars on each plot show the data limits
and red marks indicate outliers.
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4.4. Discussion

I discuss the simulation results, firstly the model ability to capture the dependence of

stimulation on neuron orientation and morphology. I address why a model with these

capabilities is needed and how it fits into current literature. The model ability to pick

apart changes by layer and neuron population is explored in the context of differing

orientations. This leads us to propose that this functionality will be especially relevant

for more complex fields, where the distance from the electrodes will have an impact on the

stimulation. I then address the difference that background activity makes to predictions.

I additionally highlight the use of a tDCS model which can interact with beta oscillations.

I concluded by discussing the potential uses and limitations of the multiregion extension.

4.4.1. Capturing orientation impact in the cortical tissue model.

The VERTEX model manages to be computationally viable for large neuron populations

over long run times using the simplified neuron morphologies first presented by Tomsett

et al. (2015). Both Fig. 4.1 and further work presented in Thornton et al. (2019) show

that these morphologies can also capture the impact of an electric field on a given neuron

type. The same fields applied to multiple neurons have the largest impact on longer

morphologies orientated in parallel with the field direction, as has previously been reported

(Rahman et al., 2013). The fields used in this paper replicate the bar electrode fields

applied to in vitro slice preparations, as these fields are more appropriate for showing a

validation of the presented model. However it is just as plausible to apply a field more

akin to in vivo fields used for cognitive experiments or treatment in humans. This has

been demonstrated with extracted morphologies from an MRI-derived brain morphology

(Winkler A.M., 2017) and these fields encompassing neuron populations are shown in

figure S6.

When it comes to individual neurons, as previously reported by Rahman et al. (2013),

the morphology and orientation in relation to the field does play an important role in

determining the neuron response to the field, with pyramidal cells aligned with the field

showing the strongest response. Figure 4.1 shows this with a comparison of different

neuron types and orientations in the field. Thornton et al. (2019) have demonstrated that

the response of these simplified neuron morphologies to the electric field is very similar
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to the response of detailed morphologies for the different neuron types included in the

models used here.

Networked populations of neurons can produce emergent activity which is hard to

predict from studying single-neuron models. For example, the complex oscillatory activity

which is often observed in electrophysiological recordings originates from the interplay

between coupled excitatory and inhibitory populations. For this reason, in order to gain

a better mechanistic understanding of the electric field stimulation impact on brain tissue,

it is important to be able to capture the impact on complex, realistic neural networks as

well as on single neurons. The VERTEX simulator allows us to pick apart the changes

in activity of different layers and different neural populations, giving further insight into

where the main effects of stimulation are visible.

At the population level, the differences that the electric field orientation makes are

similarly apparent and are shown in the model in Fig. 4.3 and summarised in Fig. 4.2.

The change in orientation of the field has a striking effect, and the VERTEX model is

the first to allow the simulation of large populations of individually modelled neurons

which can also model the difference that orientation and morphology makes to the global

response to a field. The use of the cable equation method to predict the electric field

response minimises assumptions about how the population response will change with

different fields, and means that more complex fields can be evaluated (e.g supplementary

Fig. S6).

Fig 4.2 further characterises the change in averaged LFP for a given field, using the

deterministic model with no spiking occuring to show that for a set field orientation the

increase in intensity has a predictable effect of increasing the LFP amplitude. However, if

the angle of the field in relation to the targeted neuron populations is unknown then the

effect is much harder to predict. This is one reason why the VERTEX model is necessary,

as the impact of electric fields cannot be properly understood without taking into account

the orientation dependency. Other factors, such as neuron density, distribution, and

connectivity, can also be changed in the VERTEX framework to make further predictions.

Given the findings so far, we might expect that brain regions with a greater number

of large pyramidal neurons would not need as strong a field intensity to produce the same

effect, so long as the field orientation is aligned with them. However, if the orientation is

significantly misaligned, then a far greater intensity may be required to produce the same

77



effect, or stimulation could even have the opposite effect to the one intended. This is a

phenomenon which has been reported previously in experimental results (Jacobson et al.,

2012; Monti et al., 2008; Marshall et al., 2005; Rosenkranz et al., 2000), highlighting the

need for personalised predictive models in montage design.

4.4.2. Comparing different background oscillations.

In simulations where background oscillations are present, we have already seen from the

last chapter that the results are not so clear-cut once noise is involved. In this chapter

I introduced a model of beta oscillations, based on the previously validated VERTEX

model by Tomsett (2014). I hope that this will be useful for future studies, using this

model to identify clinical treatment parameters, as beta oscillations are associated with a

number of network disorders (Basha et al., 2014; Little and Brown, 2014; Koelewijn et al.,

2015; Hamandi et al., 2011). There are no models of tDCS with beta oscillations that I am

aware of, however there is one existing model of tDCS interaction with gamma oscillations

by Reato et al. (2015). Reato et al. (2015) used Izhikevich single compartment neurons

to provide an explaination for the lasting after effects of stimulation based on excitation/

inhibition balance. However, the Reato et al. (2015) model simulates stimulation as

a predetermined polarisation of excitatory neurons based on experimental data. This

means that to compare alternative electric field orientations in the model further in vitro

experimentation would be needed, which is avoided in the VERTEX framework. In the

context of this chapter, I have compared this alternative background state model to the

slow oscillation response to stimulation in the previous chapter. Figures 4.3 and 4.5

show that some of the main patterns are retained, namely the positive shifts in most

measures for anodal stimulation and the reversal in responses with cathodal compared to

anodal stimulation. There are, however, clear differences as well. DC shifts appear more

pronounced, although following the same pattern as for the slow oscillations. The changes

in spike rates also appear more predictable for the beta oscillations. The amplitude shifts

with beta oscillations show far tighter distributions and a clearer positive shift in all

but layer 1. Overall, beta oscillations appear to be more predictably influenced by the

stimulation fields. This characteristic makes beta oscillations potentially a more useful

target for consistently achieving a desired tissue change with stimulation.
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4.4.3. Uses and limitations of the multiregion extension.

The extension of the VERTEX model to allow simulation of multiple connected regions

has a number of potential uses. One of these is illustrated here, as I show the potential

to harness connectivity to impact deeper regions in Fig 4.8. At the same time, this

prediction of accumulated stimulation means that the model can also anticipate otherwise

unexpected side effects from stimulation due to changes in remote regions. Side effects

of this nature are rarely mentioned in experimental literature, and could be difficult to

anticipate without connectivity information.

The idea that we may be impacting untargeted regions might seem a worrying one

at first glance, but it could prove to be a useful phenomenon. One issue with current

non-invasive brain stimulation paradigms is that they are limited in the ability to impact

deeper regions in the brain. By harnessing connected areas it could be possible to pro-

duce the kind of stacked effect illustrated by the model in figure 4.8 to target otherwise

untouchable subcortical areas. There are some restrictions to this, however. For a step

current example, shown in supplementary figure S9, the result of accumulated stimulation

shown in the figure only occurs when the timing of stimuli in the connected regions is

relatively close. If the delay of one region was offset to a large extent from the other, then

the stimulation would instead produce two seperate, smaller peaks in the target region

as in the effect shown in figures 4.6 and S8. This is less of an issue for the electric field

stimulation, which is usually applied for longer periods of time and therefore less tempo-

rally dependent. Additionally the three-region schematic used in Fig. 4.8 is unrealistically

simple. A larger network would likely be needed, and other, potentially reciprocal, con-

nections may add more noise to the model, showing a less clear-cut accumulation. More

work is needed to test the model with realistic connectivity.

These applications are only touched upon in these early results, but they tie in with

the main themes of this thesis, as the multiregion model could be used in the future

with individualised connectivity derived from brain imaging (as in chapter 5). Whilst the

VERTEX model is far more computationally intensive than the Benjamin model employed

in chapter 5, it could still be used to model subnetworks of neighbourhood connections to

a stimulation target. Given these individually derived subnetworks, it could be possible

to predict whether a given individual is more at risk of side effects, or, more positively,

to predict the best protocol for targeting deeper areas with stimulation.
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One major limitation of the multiregion model and the results presented so far is the

issue of parameter choice. In this case a simple layer 2-3 model was used, but the connec-

tion strengths applied to the multiregion connection were chosen to match the internal

connection strength. This is not neccessarily correct, however connection strengths are

very difficult to measure. One option is to look at brain imaging such as diffusion ten-

sor imaging (see chapter 2 for further information). The fractional anisotrophy measure

attached to fibre tracts have been used to apply weights in neural mass models, however

this captures the number of fibres rather than actual synaptic weights. Additionally, the

question of which neural populations should be connected is not necessarily a straightfor-

ward one. There are data to suggest that the majority of cortical-cortical interregional

connections are from infragranular and supragranular pyramidal neurons, and therefore

excitatory. Cortico-cortical connections which target layer 4 are known as Feedforward

connections, and usually come from supragranular neurons. Connections which target

non-layer 4 neurons are known as feedback connections. However, while layer termina-

tions have been identified, the neuron preferences for these termination fibres are not

currently known (Kötter, 2007).

4.4.4. Summary.

I showed, in agreement with existing literature, that orientation and morphology are

particularly relevant for predicting the electric field impact. I then compared the same

stimulation and model with different background activities. I found that the background

activity does impact the tissue response to the electric field, with the beta oscillation model

showing a more predictable response to the same stimulation for amplitude shift and spike

shift measures of activity change. I then introduced a multiple-region extension to the

model, and demonstrated that stimulation effects can spread across ranged connections

to untargeted regions. I finally demonstrated that connectivity may be harnessed to

amass stimulation effects in connected but unstimulated regions. With the relatively

detailed VERTEX model, we are restricted in the number of regions that can be practically

stimulated. In the following chapter I introduce a simple mathematical model of brain

region activity which can be coupled with full brain connectivity derived from brain

imaging. For the final study I focus on surgical intervention rather than stimulation,

although a stimulation model at this whole-brain level could be a future possibility.
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CHAPTER 5

Modelling invasive intervention: surgery prediction for

Temporal Lobe Epilepsy

Temporal lobe epilepsy (TLE) is a prevalent neurological disorder resulting in disruptive

seizures. In the case of drug-resistant epilepsy, resective surgery is often considered. This

is a procedure hampered by unpredictable success rates, with many patients continuing

to have seizures even after surgery.

In this chapter I apply a computational model of epilepsy to patient-specific structural

connectivity derived from diffusion tensor imaging (DTI) of 22 individuals with left TLE

and 39 healthy controls. I validate the model by examining patient-control differences

in simulated seizure onset time and network location. I then investigate the potential

of the model for surgery prediction by performing in silico surgical resections, removing

nodes from patient networks and comparing seizure likelihood post-surgery to pre-surgery

simulations.

I show that, first, patients tend to transit from non-epileptic to epileptic states more

often than controls in the model. Second, regions in the left hemisphere (particularly

within temporal and subcortical regions) that are known to be involved in TLE are the

most frequent starting points for seizures in patients in the model. In addition, model

analysis also implicates regions in the contralateral and frontal locations which may play

a role in seizure spreading or surgery resistance. Finally, the model predicts that patient-

specific surgery (resection areas chosen on an individual, model-prompted basis and not

following a predefined procedure) may lead to better outcomes than the currently used

routine clinical procedure. Taken together this work provides a first step towards patient

specific computational modelling of epilepsy surgery in order to inform treatment strate-

gies in individuals.
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5.1. Introduction

In this chapter a bistable model of seizure initiation, coupled with patient-derived

connectivity data, is applied to address the problem of predicting whether a given surgical

procedure will be successful at reducing (or stopping altogether) seizures. As addressed in

the Background, epilepsy is a prevelant and debilitating disorder of seizure predisposition

which is treated with resective surgery when pharmacological treatments have failed to

work effectively. In roughly 30% of cases surgery fails to significantly reduce seizures

(Spencer and Huh, 2008; Hemb et al., 2013; de Tisi et al., 2011; Hemb et al., 2013; de Tisi

et al., 2011). Being able to predict when this is going to happen, and, better yet, propose

a more effective alternative, are the goals of this work.

This chapter developed from work in a Master’s project, where initial work was carried

out to scan parameters and to check for seizure reductions in the model following in silico

surgery (Hutchings, 2014). The initial work was used to inform the model parameters

used in this chapter, as well as the approach taken with the work. The Master’s work

included an initial comparison of patient and control seizure start times, using the time

for the first region to escape into the seizure state as the seizure start point. However, the

results shown in this chapter are all from rerun simulations using the times for the first

three regions to escape to the seizure state as the mark of a seizure start, as this includes

evidence of spread of abnormal activity. The Master’s work also included a preliminary

attempt at the in silico surgery simulation shown in this chapter. The results from this

were encouraging and led to the continuation of the work which is presented here. The

results from the Master’s work used individualised values for the model parameter α,

while the work presented here shows new simulation results with a static value of α to

make the results more comparable between patients.

The connectivity data used in this work was from patients suffering from Temporal

Lobe Epilepsy (TLE), a focal epilepsy for which surgery is commonly carried out. Twenty-

two patients and 39 controls were compared by simulating the time course of the model

to ascertain seizure onset times and locations.

This work proposes a framework for addressing this question of surgery prediction. The

initial results seem promising, with a good match in the model to the spatial and temporal

characteristics of TLE for patients, and the overall surgery success rates the model predicts
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are close to the 70% success rate found in the literature. Additionally, the model predicts

patient-specific surgical resection protocols which show greatly improved success rates

compared to the ‘default’ amygdalahippocampectomy which is usually carried out in

these cases. The majority of this work was conducted in discussion with Dr. Peter Taylor

and Prof. Marcus Kaiser (hereafter PT and MK). The results of this study can also be

found in the form of a journal article (Hutchings et al., 2015), and much of this chapter

is already published in this article in PLoS Computational Biology.
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5.2. Methods

This section relates the details of the dataset and model, and the statistical methods used

in evaluating the results of simulations.

5.2.1. Dataset.

T1 weighted MRI scans and diffusion tensor imaging (DTI) data were collected from 22

individuals with left mesial TLE and 39 age-matched controls. The individuals with TLE

all showed unilateral hippocampal sclerosis, and all participants gave written informed

consent, conforming to local ethics requirements. The data was obtained using a Siemens

MAGNETOM TrioTim syngo (Erlangen, Germany) 3 Tesla scanner. The T1 images were

aquired using 1mm isovoxel, TR=2500ms and TE=3.5ms. The DTI data aquisition used

2mm isovoxel, TR=10,000ms, TE=91ms and 64 diffusion directions, b-factor 1000s mm2

and 12 b0 images. For both DTI and T1 protocols the FoV was 256mm. The ethical

review board of the medical faculty of Bonn gave IRB approval (032/08), and none of the

mTLE patients had undergone previous brain surgery.

Figure 5.1 depicts the pipeline for creating individualised connectomes from the ac-

quired data. The surface meshes for the gray and white matter boundaries were obtained

from the MRI data using Freesurfer (FSL, 2013), and then parcellated into 82 different

regions of interest according to the Desikan atlas (Fischl et al., 2004; Desikan et al., 2006),

both cortical and subcortical. Subcortical regions included were the amygdala, caudate

nucleus, hippocampus, thalamus, putamen, pallidum and nucleus accumbens. The white

matter tracts were determined from the DTI images with using the Diffusion toolkit,

TrackVis (Wang et al., 2007) and the Fiber Assignment by Continuous Tracking (FACT)

algorithm (Mori and Barker, 1999). Eddy-correction was performed by applying an affine

transform of each diffusion volume to the b0 volume and rotating b-vectors using FSL

toolbox (FSL, http://www.fmrib.ox.ac.uk/fsl/). A deterministic tracking algorithm was

applied following estimation of the diffusion tensor and its eigenvector for each voxel,

initiating one streamline from the centre of each voxel. The total streamline number

therefore never exceeded the number of seed voxels. When the tracking reached any voxel

with a fractional anisotropy value of less than 0.2 (Mori and van Zijl, 2002), or when the

angle change was too large (35 degree of angle threshold) the tracking was stopped. The

number of streamlines found by the tracking algorithms between any set of nodes were
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used to determine the connectivity matrix (S). Streamline count can be used to provide

a realistic estimate of white matter connection strength (van den Heuvel et al., 2015),

and the connection delays could also be estimated using the mean fibre length of the

streamlines. The mean fibre lengths were therefore used to construct distance matrices

for each pair of regions. Surface areas of regions were also found, the interface area to

the white matter was calculated in T1 space using FreeSurfer (Liao et al., 2010). Further

details of the data acquisition and initial processing can be found in Lim et al. (2015).

Figure 5.2 shows an example of a completed connectome, generated in this case from

an average over all subjects, with the nodes and edges arranged in pseudo-3D space over

a brain image to show the rough regional locations. One of these nodes is then used to

show how the mathematical model is applied to simulate activity over time for each of

the nodes.

5.2.2. Model.

As illustrated in Figure 5.2, a mathematical model was applied to each region of interest

(ROI) to simulate the activity of each of the regions, dependent on the DTI derived

connectivity. The network connectivity matrix, M , was found for each individual by

normalising the streamline counts between each pair of regions, as shown in equation 5.2.1.

S is the matrix of streamline counts for an individual subject.

M =
log(S)

max(log(S))
(5.2.1)

The model used in this chapter is adapted from Benjamin et al. (2012), derived from

Kalitzin et al. (2010) as mentioned in chapter 2. This model has previously been used for

simulating epilepsy surgery (Sinha et al., 2014). To recap from chapter 2, this model uses

noise-dependent transitions from low to high amplitude oscillations as a proxy for seizure

initiation. The transitions are dependent on the model being in a bistable parameter

region. The activity of the ith node in the network, zi, can be found using equation 5.2.2

below:

dzi(t) =

(
f(zi) + β

∑
j 6=i

Mji(zj(t− τij)− zi(t))

)
dt+ αdwi(t) (5.2.2)

where f(zi) is a function of zi (as described in equation 5.2.3), wi(t) is a normally dis-

tributed noise term, and α and β scale the noise and connectivity matrix M respectively.
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Figure 5.1: A diagrammatic representation of the connectome creation process, combining
information from T1 MRI and DTI to create a network formed from brain regions con-
nected by white matter fibres. In this case parcellation of the brain into different regions
split the grey matter into 82 ROI, including 14 subcortical regions. The bottom images
show the resulting connectivity matrix (left) of the connectome and the connectome vi-
sualised as nodes and edges overlaid on a brain shadow (right), where colours denote lobe
areas.

Mi,j is the connection strength between the ith and jth nodes, and τi,j is the connection

delay. f(zi) is defined by:

f(zi) = (λi − 1 + îω)zi + 2zi|zi|2 − zi|zi|4 (5.2.3)

86



Figure 5.2: Connectivity is shown where connections exist in 60% or more of subjects,
for visualisation only - all connections were included on a subject-specific basis for sim-
ulations. Nodes and connections are overlaid on a 3D brain image to show the rough
positioning of the nodes and the distance of connections between them. The nodes are
the positions of ROI, with colours corresponding to different lobes, and the black lines
show the connections between different regions. The zoomed in top left graphic shows
how connections between nodes are weighted, and the blue box shows how the activity
change of one node is found using the model. The bottom right figure shows a time series
of the model simulation. The model begins in the background state with low amplitude
oscillations and transits to a high amplitude seizure-like state, indicated by the dashed
line. In this exemplary case the escape time would be taken as 33 for the node in this
simulation.

where z is complex, î is imaginary and ω controls the oscillation frequency. λi is

the parameter that controls the basin of attraction, affecting whether the system is more

likely to be in the background or seizure-like state.

Delays between areas (τi,j) are proportional to the mean fibre length, grouped into

bins, and determined using a biologically plausible propagation speed of 7 metres per

second (Taylor et al., 2013; Bojak et al., 2010). Suplementary Fig. 7 compares the mean

and median fibre lengths as a justification for this approach.

The parameter λi was derived from the difference (Di) of each participant’s region

surface area from the control group distribution of region surface areas for the region in

question i, as described in equation 5.2.4.

λi =
−Di

ψ
+ 0.5 (5.2.4)
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The difference (Di) is the number of standard deviations away from the control group

distribution the subject’s region is, found through standard scores with tie-adjustment and

continuity correction. A highly negative Di indicates reduced surface area in the region

i compared to the control average, while highly positive Di is indicitive of the opposite.

A leave-one-out method was used to quantify how far each control was from the other

controls. The ψ is set to 15, to give a wide λ spread whilst still ensuring 0 < λ < 1, as λ

outside of these bounds pushes a region into a monostable state where either seizure-like

activity, or normal resting state activity, is impossible.

The ω value controls the frequency of oscillations, and in all results detailed here this

was set to a value of 15 to produce an oscillation frequency of 3Hz in the seizure state,

which is typically observed in the intracranial electrocorticographic recordings of many

patients with TLE (Quiroga et al., 2002). The randomised noise w(t) is a complex Wiener

process approximated by the Matlab function randn, generating normally distributed

random numbers; this noise is scaled by α. Matlab was used to implement the model,

and a fixed step Euler-Maruyama solver was employed to find solutions to the equations.

Parameter β was fixed at a value of 0.01 for all subjects, and delays were found using the

mean fibre lengths. The parameter α, which scales the amplitude of the noise, was set to

a fixed value of 0.05 in order to allow a fair comparison of escape times without biasing

by external factors, i.e. the only parameters influencing comparisons are those derived

from the subject specific MRI (M , λ, τ).

In line with previous studies (Benjamin et al., 2012; Sinha et al., 2014), and in dis-

cussion with PT, I used ‘escape time’ as a measure of epileptogenecity. Simulations are

performed with the initial conditions placing all nodes in the background state, then upon

simulation I measure how long it takes for each node to transit to the seizure state. This

is determined by measuring the Euclidean distance Ei from the fixed point (0,0), over

time. Only when Ei > 1 is the system considered to be in a seizure state. Thus, the

escape time of node i is min(t(Ei > 1)). This is illustrated in Fig. 5.2 (lower right panel).

5.2.3. Validation of the model.

To test the performance of the model I ran simulations for both controls and patients

over 100 iterations with changing noise seeds. The two groups were compared to identify
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any differences in either the node escape times or in the locations of commonly escaping

nodes. In addition to comparing the time taken for the first node to escape, the model

was also simulated until three nodes had escaped in succession as an indicator that the

activity had begun to propagate.

5.2.4. Simulation of surgery.

In discussion with PT, I simulated three different conditions of surgery: 1) random re-

section, 2) clinical resection, and 3) patient-specific resection. Simulating surgery was

achieved by setting inputs and outputs to and from a resected node to zero values, effec-

tively isolating the node from the network.

• Random resections removed three nodes from the network, the first chosen at

random. The first node’s two nearest neighbours with connection weights greater

than the average were also removed, in order to remove a set of nodes with similar

characteristics to those removed in clinical resections. These resections serve as

a benchmark to which other resective techniques can be compared.

• Clinical resections removed three regions most commonly resected in an amyg-

dalohippocampectomy procedure (ipsilateral hippocampus, amygdala and parahip-

pocampal gyrus).

• For subject-specific optimised resections, the top three fastest-escaping nodes

were found for every patient and subsequently removed (see supplementary ta-

ble S11 for a list of the top three nodes for each patient). These top escaping

nodes were different for every patient, and in many cases the vector of resected

nodes included one or more of the clinically removed areas.
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Table 5.1: Parameter values for all figures, delays in all simulations were found using
mean fibre length.

Parameter Value
α 0.05
β 0.01
λ Varies - see equation 5.2.4.

5.3. Results

As detailed in the above modelling section, with guidance from PT I applied a mathe-

matical model to DW-MRI acquired patient-specific connectivity networks and observed

the results of simulations of regions of interest (ROI), or ‘node’, activity over time. Each

ROI can transition (‘escape’) into a seizure state with a probability influenced by the

region’s surface area, connectivity, and fluctuations in background noise. Escape times

are taken to be representative of seizure likelihood, as a fast escape time means there

would be more seizures on average for that node than for one with a slower escape time,

i.e. a greater likelihood of a seizure occurring. My analysis includes the simulations of 39

controls and 22 patients with left TLE.

5.3.1. Model validation.

In reality, controls have a significantly lower likelihood of having seizures than patients.

Fig. 5.3 shows this, on average, to be the case in the model. A comparison of the times

taken for the first three ROIs to escape from the resting state into the pseudo-seizure state

for patients versus controls is shown in the figure, with a clear difference in distribution

evident. The time taken for three nodes to escape was taken to be the seizure start time

(‘escape time’) as we considered this to be evidence of the beginning of spreading of the

seizure activity. The simulation was repeated 100 times with different noise seeds on

each iteration, and the escape times were averaged over the 100 runs. These results are

significant (p < 0.001) checked using a Mann-Whitney U test. These results also hold

true for the first and second escape (Supplementary figure 7).

The second validation of the model examines where the initial escaping nodes are

situated in the brain. In left TLE, a seizure origin in the left temporal lobe would be

expected for the model to match clinical observations. Fig. 5.4 A shows the top ten escap-

ing nodes, found by taking the mode for patient and control populations, in blue and red
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Figure 5.3: Comparison of patient’s and control’s initial transition times into the seizure
state. A seizure state was deemed to have occurred once three nodes had escaped, so
the times here are when the third node entered the seizure state. Asterisks represent
a significant difference found at p < 0.001 using a Mann-Whitney U test. Each dot
represents the mean escape time for one individual subject over 100 iterations. Grey bars
reach the mean of each subject group, while error bars show the standard error of the
mean. Higher times indicate that the individual took longer to reach a seizure state.

respectively. The green nodes indicate locations in the top ten of both populations. Sup-

plementary table S11 shows the top three nodes for every subject, from which the overall

top ten were found for patients and controls. While the red control escape locations are

scattered with no discernible pattern, the blue patient escape locations are concentrated

on the left hemisphere of the brain and predominantly in the temporal (temporal pole)

and subcortical (amygdala, putamen, thalamus) areas. Furthermore, there was a greater

consistency in escaping node locations in patients than controls, with nodes in the top ten

appearing 60.6% of the time. The left hemisphere amygdala was in the top three nodes

in 54% of the patients when taking the modes for each patient over all iterations, and

occurred at least once in each patient top three over the 100 iterations. The consistency

of node appearance was reduced in controls, where nodes in the top ten appeared 30.7%

of the time, with no one node occurring in more than 50% of controls over 100 iterations.

Figure 5.4 B illustrates the difference with a bar plot comparison between patients and

controls. The model therefore also reproduces a more stereotyped seizure pattern in pa-

tients than in controls. This is in agreement with previous studies (Taylor et al., 2013;

Schindler et al., 2011).
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A B

Figure 5.4: Part A shows the locations of the top ten most ‘seizure-prone’ nodes. These
were found by taking the mode over the first three nodes to escape for each subject
(split into patient and control groups) for all simulations without resections. The nodes
represent locations in the brain network, and are coloured according to the group they
escaped first in - blue for patients, red for controls and green for where the location
was in the top ten to escape for both groups. Smaller grey circles show the locations
of other nodes in the network which were not in either top ten. The main figure has
location labels for patient areas, and the inset figure (transverse plane) has a dashed
line encircling the main group of nodes for patients which are clustered in or around
the temporal lobe. It is perhaps worth noting that, while escape times are not apparent
in this image, controls’ nodes did take longer to escape than patients’ for all locations.
Part B shows the consistency of the top ten nodes compared for patients and controls,
where patients show greater consistency for all the shared nodes and strikingly the left
hemisphere amygdala escaped to the seizure state in every single patient at least once
over 100 iterations.

5.3.2. Model underpinnings.

In order to pinpoint why we see the pattern of escaping nodes found in Fig. 5.4, a number

of network measures were tested. In the model the two major influences on node escape

times are surface area and connectivity. Surface area alone does not correlate strongly with

the pattern of fastest escaping nodes (see supplementary table S12), therefore I looked

at the connectivity to see whether there were any clear markers of seizure-prone nodes

from connectivity measures. One possibility was that hub nodes could prove to be more

seizure-prone, as these are ROIs with a large number of incoming connections, and as such

may receive large inputs, pushing them closer to the seizure threshold. Additionally, the

high number of connections means they are more likely to receive input from a node which

92



has already hit a seizure state and are then liable to be pushed over the seizure threshold

themselves by the pathological input. In discussion with PT and MK, we predicted that

the nodes which appear as fast escapers for both patients and controls may be natural

hubs, explaining their appearance in Fig. 5.4.

Fig. 5.5 focuses on the five nodes which occurred in the top ten escaping nodes of both

patients and controls. The node measures for the shared five are displayed beneath a map

of the distribution of that node measure for all subjects. The results do support the idea

that the shared nodes are liable to be network hubs, showing a low clustering coefficient

value but much higher node strength and degree values than most ROIs. Fig. 5.6 shows

the remaining unshared nodes in the top ten for patients and controls compared using

a Mann-Whitney U test for the ROI in patients against the same region in controls for

given network measures. Because these differ between groups, I looked for evidence that

there were differences in the node network properties between the groups. However, there

were no clear trends to indicate that any one network measure could account for these

nodes being in the top ten.

In summary, the rapid escape time of some nodes can be attributed to shared proper-

ties of being network hubs. However, the complex interplay of connectivity, surface area,

variations in streamline length (delays) and nonlinearities in the model, leads to highly

nontrivial outcomes in the simulations.

5.3.3. Model prediction.

Here I test the impact of removing 1) randomly selected adjacent nodes, 2) nodes rou-

tinely removed clinically (amygdala, hippocampus and parahippocampal gyrus) and 3)

optimised patient-specific nodes. It is worth noting here that the patient-specific resec-

tions removed the top three most seizure-prone nodes for each individual patient. This

did not account for whether the chosen ROIs would be practical to remove in an actual

surgical procedure. Fig. 5.7 A shows a comparison of the simulation results when using

different resection methods. The percentage improvements were found for each resection

technique, and the mean improvement for each patient is plotted in this figure. There

is a clear increase in improvement from random resections to clinical, and then again to

the subject-specific resections. Asterisks indicate that the distributions of improvement

times are significantly different between techniques. The simulations were repeated over
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Figure 5.5: Five of the most commonly escaping nodes in patients and controls occurred
in both groups, and different node measures are compared for these nodes here. For each
network measure in the figure the distribution for all nodes in all subjects is shown in the
top section of the plots. The dots in the lower section reveal where in this distribution the
shared nodes occur for the given measure. These locations are shown separately for the
ROI in patients and controls (coloured green and red respectively) displaying the median
value for the groups. The high node strength, degree, and eigenvector centrality values
for the shared nodes with a low clustering coefficient support the idea that these regions
may be network hubs.

100 iterations with differing noise seeds, and comparisons of the escape times were per-

formed patient by patient. Subject-specific resections removed the top 3 fastest escaping

nodes for each patient. (Supplementary table S11 shows the top 3 escaping nodes for each

patient).

Fig. 5.7 B shows a comparison of improvements in escape time for different resection

methods for a single subject. In this case the simulated clinical resection was success-

ful, producing significant improvements. The subject specific resection was even more

successful, significantly reducing seizure likelihood compared to unresected and also the
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Figure 5.6: As these nodes have different escape time patterns in patients and controls
I checked for network differences between the two groups. Z scores were found using
a Mann-Whitney U test comparing network measures for the unshared nodes between
patients and controls. A negative value means that the node score was lower in patients
than in controls, and a positive z-score means the node score was higher in patients than
in controls. There are no clear differences, which implies more complex origins for the
different escape time results.

clinical resections. When looking directly at escape times the difference between the un-

resected and random resection simulations was insignificant at p < 0.05, both for the

patient singled out in Fig. 5.7 B and when comparing all patient simulations together.

Finally, Table 5.2 compares the percentage of patients who show significant improve-

ments in our model following resection of clinically removed areas with established liter-

ature on surgery success. Simulation results were found using a paired t-test comparing
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A B

Figure 5.7: For every patient three different methods of resection were used and then the
escape times were compared for each patient pre- and post-surgery (surgery simulation
results compared to results from simulations where no surgery was carried out). Plot
A shows the mean percentage improvement in escape time for each patient by resection
method, where escape time was taken to be the time by which 3 nodes had entered a seizure
state. Grey bars reach the mean of each subject group, error bars show the standard error
of the mean. The circled values are the means for the patient shown in plot B. A single
patient representative example is shown in plot B, with the percentage improvements
found for each simulation plotted and compared by resection technique. Stars represent
the significance level, 1 star for significance at p < 0.05, 2 stars for p < 0.01 and 3 stars
for p < 0.001. A Mann-Whitney U test with Bonferroni correction was carried out to find
the p-values following significant results found from Kruskal-Wallis tests.

before and after escape times for each patient over all iterations, with a significance level

of p < 0.05. The removal of clinically resected regions in our model produced significant

improvements in 72.7% of patients, and the subject-specific resections showed improve-

ments in 100% of cases (also included in the table). There is a wide range of reported

success rates in literature, partially due to the time scales of studies (ranging from 1 year

after surgery to 18) and due to different definitions of significant improvement. Despite

the variability, the model results fit squarely in the middle of the reported range, while

the subject-specific results show significant improvements in every case.
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Table 5.2: A comparison of the model-generated success rate with reports in literature. In
studies there have not been any patient-specific procedures reported to compare, so these
reports only include widely used clinical procedures including the amygdalohippocampec-
tomy. The wide ranges in some reports are due to studies grouping patients by different
criteria such as lateralisation of atrophy, or in other cases due to longitudinal studies
measuring improvements at several different time points after the surgery. There is a
general trend of decreased improvement the longer the time period after surgery, reducing
the reported successes.

Source Clinical (%) Patient Specific (%)
Model simulations 72.7 100
Spencer et al. 2008 (Spencer and Huh, 2008) 53-84 -
Hemb et al. 2013 (Hemb et al., 2013) 62-65 -
e de Tisi et al. 2011 (de Tisi et al., 2011) 52-47 -
Arruda et al. 1996 (Arruda et al., 1996) 50-93.6 -
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5.4. Discussion

In this work I have presented three key findings. First, with the guidance of PT and

MK, I have demonstrated how the combination of subject-specific data and a nonlinear

computational model can lead to successful identification of TLE associated nodes in

patients. Control subjects show few similarities in identified nodes, indicating clear dif-

ferences in network organisation (Fig. 5.4). Secondly, the model has shown, in agreement

with clinical observations (Hemb et al., 2013), that selective amygdalohippocampectomy

can result in reduced seizure likelihood in 72.7% of patients, which is within the range

reported in the literature for patients with similar conditions (Fig. 5.7 and Table 5.2).

Third, we suggest that patient-specific operations (where different regions are selected for

different patients) will result in a better outcome. Furthermore, to our knowledge, this

is the first study to combine computational modelling of brain dynamics with diffusion

MRI based connectivity data from patients with temporal lobe epilepsy.

5.4.1. Model validation.

The model validation in figure 5.3 and figure 5.4 demonstrate results in line with clinical

observations - a higher propensity for seizures in patients, and the spatial origin of seizure

activity in the ipsilateral temporal lobe. Indeed, validation of any model should always

be the crucial first step. One aspect the model does not accurately capture is that healthy

controls still have seizures in the model. Healthy controls can have a seizure - they have a

propensity to seize. However, this would typically be a result of an external factor such as

trauma and therefore may be mechanistically different to epileptic seizures. It is plausible

to suggest that there may be other mechanisms and contributors to seizure transition

(besides those included here) which may be important to improving the model, especially

when considering healthy controls.

Another aspect that the model successfully validated was the spatial profile and consis-

tency (stereopy) of the ‘escaping’ nodes. Several areas located in the ipsilateral temporal

lobe and subcortical areas were involved, in agreement with experimental / clinical obser-

vations (Richardson, 2012; Bonilha et al., 2013; Keller and Roberts, 2008). Four areas not

in the left hemisphere were involved - the amygdala, insula, thalamus and the superior

frontal region. Contralateral abnormalities have been noted in TLE before (Seidenberg

et al., 2005; Bonilha et al., 2013), particularly in temporal lobe areas (Thivard et al.,
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2005). It has been speculated that this could be indicative of compensatory mechanisms

of some form, as increased contralateral functional connectivity has been previously noted

in epilepsy patients (Bettus et al., 2009). If there is a structural correlate for this potential

compensatory connectivity increase then a larger number of connections may put these

regions more at risk of seizures in the model, for the same reasons that highly connected

hub nodes are vulnerable. A high number of inbound connections increases the likelihood

of receiving abnormal input from a seizing node, and increases the input received, pushing

the node closer to the seizure threshold. The involvement of the amygdala, thalamus, and

insula in TLE has long been known (Kullmann, 2011; Isnard et al., 2000; Guye et al.,

2006). Interhemispheric connectivity between the mirrored regions in both hemispheres

may be the cause of the seizure vulnerability of the contralateral amygdala, thalamus,

and insula. Abnormal activity from their ipsilateral hemispheric counterparts may spread

through interhemispheric connections. The superior frontal region involvement is less in-

tuitive, and the lateral orbitofrontal region is also a rapidly escaping node located in the

frontal lobe. Abnormalities in frontal lobe areas have been documented in TLE (McDon-

ald et al., 2008; Riley et al., 2011; Bernhardt et al., 2009), with frontal regions frequently

involved in seizure propagation, especially the orbitofrontal cortex (Lieb et al., 1991).

This may provide an explanation for the susceptibility of these nodes to seizures in our

model.

5.4.2. Model underpinnings.

Network measures were tested for the most frequently escaping nodes in an attempt to

further distinguish the influences behind the seizure susceptibility. Five of the top ten

escaping nodes are consistent in both patients and controls, and were found to exhibit

properties of network hubs, as shown in figure 5.5. These were the thalamus (bilaterally),

insula (bilaterally) and the contralateral superior frontal area. The thalamus and insula

are already known to be highly connected and hub-like in the general population (Tomasi

and Volkow, 2011). The high node strength and centrality measures of these regions make

them both good candidates for network hubs (Sporns et al., 2007), and also more likely

to propagate abnormal activity. Having a greater number of incoming connections puts

hubs at greater risk of receiving input from a seizing area, and it follows that they would

also propagate the abnormal activity to a large number of regions they connect to. For
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the remaining five nodes that differ for patients and controls, seizure susceptibility is less

clear. There is no defining contribution from either topological (see figure 5.6) or spatial

features (e.g. surface area, fibre tract length - see supplementary table S12), although the

lambda parameter derived from surface area does have an effect on the patient nodes.

Previous studies have looked for network differences in TLE, finding changes in clus-

tering coefficient in some areas, small world-ness and network efficiency when comparing

to controls (Bonilha et al., 2012, 2013; DeSalvo et al., 2013), summarised in (Taylor et al.,

2014). However a recent study into the same dataset we use here found that spatial

measures show far greater changes in TLE than network measures (Taylor et al., 2015a).

Whilst it is possible that a feature may have been missed, it seems that a combination

of multiple interacting factors is most likely at play in determining which ROIs are most

seizure prone in the model.

5.4.3. Model Prediction.

The in silico resection experiments showed improvements for the clinically removed nodes

to a similar extent to results found in reality, with 72% of patients (16 out of 22) showing

significant improvements (p < 0.05) in seizure likelihood after simulated surgery. In this

instance statistically significant improvements were taken to be analogous to successful

surgery procedures. In many surgery cases the patients are not rendered completely

seizure free, but they do see some reduction in seizure likelihood or intensity. This is

a phenomenon which is reflected in some ways in our results, with an overall skew of

improvement, but which is not statistically significant in all cases.

The random resection experiments showed that the clinical resection results are not

simply due to the removal of any 3 nodes from the network. There was some improvement

for the random resections, although this was only to a statistically significant extent in

one or two cases (depending on the nodes removed), much less than for clinical resections.

The personalised resections showed by far the most success at reducing seizure like-

lihood. These were based on the top three fastest escaping nodes for each patient. The

ipsilateral hippocampus did not appear in any of the top escaping node vectors for pa-

tients. This is surprising given the well established phenomenon of hippocampal sclerosis

in TLE (Engel and Pedley, 2008; Jackson et al., 2005), and the fact that it is commonly

removed in resection surgery. In one of the random node tests the ipsilateral hippocampus
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was included in the 3 randomly selected regions to be removed, but this did not show

any greater improvement than other random node assortments. The reasons for this un-

expected result are unclear, and possibly due to the difficulty of parcellating subcortical

structures in Freesurfer (Babalola et al., 2009). Although the outputs were checked vi-

sually (Taylor et al., 2015a) this may have impacted results. If the hippocampus had a

significant impact on ictal genesis then it would seem logical that removing it would have

a greater impact on seizure likelihood.

As well as the ipsilateral temporal pole, the thalamus and insula both appeared com-

monly in the sets of earliest escaping nodes. The insula has been linked to TLE, with

studies suggesting that a number of patients with unsuccessful surgical outcomes may

have an ictal focus in the insula, hence the lack of results from temporal lobe resections

(Isnard and Mauguiere, 2005; Isnard et al., 2000; Ostrowsky et al., 2000; Ryvlin and Ka-

hane, 2005). The thalamus may similarly play a role in surgery-resistant TLE (Keller

et al., 2015b,a), and has been indicated to have an important role in the propagation and

generation of TLE seizures (Rosenberg et al., 2006; Guye et al., 2006). The thalamus

has been found to exhibit abnormalities in TLE (Keller et al., 2014b), with cell atrophy

and reduced surface area (Seidenberg et al., 2008). However, the thalamus is crucial for

sensory-motor functions and therefore not an option for resection. We speculate that the

partial disconnection of the ipsilateral thalamus (rather than the complete resection) may

lead to improved clinical results.

5.4.4. Surgery prediction in the context of other works.

Previous attempts to predict the success of neurosurgical procedures exist: imaging studies

have been used to predict, on an individualised basis, the effects of TLE surgery on

memory and cognitive ability (Bonelli et al., 2010). The effects of in silico lesions on

network connectivity have been estimated with computer modelling (Alstott et al., 2009;

Kaiser et al., 2007), however no models have yet used DTI-derived networks of people with

TLE. The closest is perhaps Honey and Sporns (2008), who used Kuramoto oscillators

and a neural mass model with macaque monkey connectivity networks to examine how

region synchrony and interaction differed after lesions. However, that study did not look

at the impact on seizure activity as we do here.
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Recent modelling work has attempted to better characterise and identify epileptogenic

areas (Jirsa et al., 2014; Proix et al., 2014) with mention of the potential effects of surgical

intervention dependent on tissue characteristics. Accurately identifying regions of seizure

initiation is clearly an important consideration in surgery planning and prediction. These

studies did not use whole brain connectivity, but rather a model representing a subset

of cortical areas. Other recent work, incorporating patient-derived connectivity, found

encouraging results in simulations of stimulation applied to abate seizures (Taylor et al.,

2015a). This is an intriguing alternative to surgery and one which can also benefit from

subject-specific modelling work.

Sinha et al. (2014) used connectivity matrices derived from functional synchrony in

ECoG data in a study closer to the one I describe in this chapter. They applied a similar

computational model to the one used here, without the surface area data used to inform

the λ parameter. Sinha et al. (2014) predicted and tested surgery removal protocols

and compared their in silico resections against randomised resection trials in the model,

finding that in 5 out of 6 cases the predicted surgeries overlapped with clinically identified

surgery areas (identified by the ECoG testing among other clinical evaluations). The

model went a step further and predicted additional possible areas to target for improved

surgery outcomes, and while they did not experimentally validate the predictions, this is

still a good example of the potential of computational modelling for improving surgery

prediction.

5.4.5. Limitations of the study.

The connectivity is assumed here to be a good and accurate representation of the white

matter tracts in the individuals’ brains. However, there are restrictions of resolution

and noise in this imaging technique and the connectivity matrices produced may not

always be fully accurate (Jbabdi and Johansen-Berg, 2011). A key limitation of diffusion-

inferred networks is that they are bi-directional. This assumption of bi-directionality may

be inaccurate, with one recent study into the macaque brain finding a higher incidence

of unidirectional links than anticipated (Markov et al., 2012). Directionality has been

shown to play a key role in the dynamics of a system and therefore should be considered

a limitation of this and all diffusion-based connectivity studies (David and Friston, 2003).

However, the assumption of bi-directionality has also been defended in other studies
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which claim that the majority of brain connections do exhibit bi-directionality (Felleman

and Van Essen, 1991). There is currently no better alternative for imaging structural

connectivity in vivo, but this is still a potential limitation. One possible solution to

this, which could be accomplished in the case of epilepsy patients, would be to map the

directionality through active stimulation (Diehl et al., 2010; Keller et al., 2014a).

Another limitation is the use of deterministic tractography in this study. Crossing

fibres are not well resolved in deterministic approaches, which can lead to inaccurate

representations of brain connectivity (Bucci et al., 2013).

This is not an optimal protocol, and probabilistic algorithms would likely improve the

accuracy of the connectivity matrices by resolving the crossing fibre problem (Tournier

et al., 2012). However, there have been studies which have found that deterministic

tractography can succeed at capturing key features of the connectome and thus can provide

useful information (Lim et al., 2015; Avecillas-Chasin et al., 2015; Catani et al., 2003; Mori

and van Zijl, 2002). Additionally, deterministic tractography can have greater success at

characterising long range connections (Khalsa et al., 2014), which are important when

attempting to characterise seizure spreading patterns. Deterministic and probabilistic

tractography capture graph theory metrics similarly, share common features (Bonilha

et al., 2015), and can be remarkably reproducible (Girard et al., 2015). That being

said, as probabilistic tractography has been found to be the superior method in terms

of reproducibility and crossing fibre resolution giving a more reliable connectome (Lilja

et al., 2014; Bonilha et al., 2015; Tournier et al., 2012) it may therefore be beneficial to

rerun simulations using a probabilistic algorithm.

In addition to the innate issues with DTI, there is also the question of how to decide

on the brain atlas to use for parcellating into regions, and the choice of weighting used

for edges. The dataset used here split the brain into 82 different regions. There is no

gold standard for choosing the number of regions to use, and this choice can make a dif-

ference to the network’s properties (Zalesky et al., 2010). Comparisons have found that

network organisational principles seem to remain independent of the parcellation scheme,

but quantified measures do change (de Reus and van den Heuvel, 2013). A future direction

would be to replicate this study with an alternative, functionally defined atlas (e.g. (Gor-

don et al., 2016)). However, functional parcellations often don’t include subcortical areas

and are based on functional observations in healthy subjects. The possibility of changes
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in underlying processes due to epileptic activity may make existing functional schemes in-

accurate for patients. Applying alternative anatomical atlases would also be a worthwhile

avenue of further work. In discussion with PT we anticipate, though it should be tested,

that results shown here would be reproducible with other atlases at similar scales. This

prediction is based on comparisons of our results with previous studies (Cabral et al.,

2012), including work simulating epilepsy dynamics with human connectome data us-

ing different atlases (AAL and Desikan) (Yan and Li, 2013; Taylor et al., 2013, 2015a).

Choosing the weighting of edges is another factor to take into account. In this instance

the dataset weighted edges by the number of streamlines identified, however other options

are available such as fractional anisotropy, which weights edges according to the degree

of anisotropy in voxels between regions, thought to give an idea of fibre myelination or

integrity (Kochunov et al., 2012; Wijtenburg et al., 2013).

Another criticism of the model could be found in the level of abstraction used. Lim-

itations in the computational resources available inevitably lead to a trade-off when ab-

stracting a model. There may be a danger of losing information from the system which

is present in biological reality: for example, meso- and micro-scale connectivity were not

modelled here, yet may be important (Wang et al., 2014). As a model to assess the impact

of global connectivity on TLE, having too many other interacting factors would make it

more difficult to identify the contribution of heterogeneous networks and a danger of over-

fitting the parameters may occur. However, as a model for surgery prediction, perhaps

more biological detail would be useful to improve accuracy when looking to match in vivo

results more closely. The compromise between simulation speed and biological detail can

be difficult. Even though this model is phenomenological, the simple co-dependence on

region surface area and connectivity makes it computationally feasible to simulate while

producing encouraging results.

5.4.6. Future work and improvements.

It is necessary to validate the model prediction of subject-specific surgical success with

patient outcomes if the model is to ever be useful clinically. Diffusion imaging is not

routinely done, and it is extremely difficult to obtain data for a significant number of

subjects with follow-up data of surgical outcome. One of the key advantages of our study

is that we have a fairly homogeneous subject group (all patients with left TLE), however,
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statistical power becomes an issue with a total sample size of only 22 subjects. I anticipate

that in the future a multi-site study with large cohorts will be required. With that I hope

we can enable better guidance for epilepsy surgery.
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CHAPTER 6

Conclusions

To tie the chapters together, here I recap the major conclusions and discuss the novelty

and influence of these findings in the wider context of existing research. Figure 6.1 shows

an overview of the approach I have taken in this thesis. The models may differ in focus and

scale, but the aim of personalising treatment interventions is the same. I discuss in this

chapter the utility of computer modelling for improving clinical treatments, highlighting

the relevant contributions of my work. I next address the major limitations of the work

I have presented here. Finally I propose the next steps I hope to take to move this work

forward.

6.1. Summary of Key Results

6.1.1. Modelling non-invasive brain stimulation.

In Chapter 3 I introduced a model of electric field stimulation built into the VERTEX

simulator. The model allows us to simulate large numbers of connected neurons with a

number of different neuron types present. The electric fields are provided as finite element

model (FEM) solutions, and as such the model can be integrated with existing FEM

current density prediction software. I presented a cortical slice model with parameters

informed by biological data. The response of the cortical slice model to a 4mV/mm

electric field was compared to experimental literature, and the model was shown to capture

the main features of the electrophysiological response to stimulation. Namely, the model

showed 1) a similar level of depolarisation in individual pyramidal neurons, 2) acceleration

of intrinsic oscillations, and 3) retention of the spatial profile of oscillations in different

layers. Finally in chapter 3 I showed that the model can be easily adapted to make novel

predictions with an inverted electric field applied to the same cortical slice model.

6.1.2. Practical applications of the brain stimulation model.

In Chapter 4 I examined the electric field model in more depth, showing the neuron

orientation and morphology dependence of the cortical response to stimulation. I then

introduced a model with background beta oscillations, comparing this to the model from
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Figure 6.1: This schematic shows how we can take different kinds of personal data to
inform the models I have introduced in this thesis. These models then simulate neural
activity for the given individualised parameters and any given intervention.

the previous chapter with slow oscillations. I concluded that the background state of the

slice does make a difference to the stimulation response, with beta oscillations showing a

more consistent response to stimulation. The beta oscillation model can also be used as

a starting point for investigating stimulation application to a number of brain network

disorders. To that end, I then introduced the multiple region extension to the VERTEX

toolbox. I demonstrated that stimuli can spread across regions, and found that there was

an evident response of closely connected but untargeted remote regions to electric field

stimulation. The response appeared to be dependent at least in part on the background
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oscillatory state of the region in question. I finally used the multiregion model to show

how the effects of electrical stimulation may be concentrated in an untargeted region

by harnessing local regional connectivity. This opens up the possibility of using this

modelling framework with patient-derived connectivity to predict otherwise unanticipated

side effects and to target otherwise unreachable brain regions.

6.1.3. Full brain modelling for epilepsy surgery.

As the detailed VERTEX model is not suitable for modelling connectivity at the level of

the whole brain, I introduce a simple model incorporating patient-derived brain connec-

tivity. The model shows the spread of epileptic seizure activity through the connectivity

network. I show that the model can distinguish between patients and controls. Firstly

temporally, as patients enter a seizure state significantly earlier than controls. Secondly

spatially, as the most seizure-prone regions in patients correspond with the regions ex-

pected to be involved in temporal lobe epilepsy. I finally show that the model can provide

a framework for personalised surgery prediction, providing preliminary predictions of in-

dividualised surgery procedures which all show improvements to seizure frequency in the

model.

6.1.4. Novelty of contributions.

• Developing a model of electric field stimulation able to take any given

FEM field and predict the cortical response at the level of brain tissue.

The majority of models for tDCS are finite element models predicting the cur-

rent density in the target region. However, these models are unable to predict

the response of the underlying tissue to the electric field stimulation. The model

I introduce in chapter 3 is intended to fill this gap, replicating key features of the

cortical tissue response to stimulation. Existing models of neural responses to

stimulation take one of two approaches. 1: Tissue level, where stimulation is mod-

elled as a direct, predetermined depolarisation in the neuron membrane potential

(Molaee-Ardekani et al., 2013; Reato et al., 2010; Dutta and Nitsche, 2013). 2:

Single neuron level, where a finite element model field is applied and the neuron

membrane changes are calculated (Rahman et al., 2013; Arlotti et al., 2012). By

using simplified neuron morphologies in VERTEX I am able to simulate large
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numbers of neurons while applying stimulation without a predetermined neuron

response. In this way the model can provide a prediction of the tissue-level ef-

fects of stimulation from individualised FEM current densities in a target region.

This can be used to inform parameter choice, helping a user decide what field

strength and orientation would be most effective to achieve a desired brain tissue

response.

• Introducing a model of ferret visual cortex

As part of the model validation I demonstrated a model of ferret visual cortex.

This is in itself a potentially useful tool for helping to guide any experiments on

this genus. The model was shown with beta or delta oscillations, and can be

adapted to show further behaviours as needed. Existing computational models

based on ferret experimental data do not capture the layer architecture or differ-

ences in neuron morphologies (Fröhlich and McCormick, 2010; Ngo et al., 2010).

This model can enable hypothesis generation without animal experimentation

and provide a means to better understand experimental observations.

• Modelling the spread and accumulation of stimulation effects across

regions

I have introduced an extension of the VERTEX toolbox to allow simulations of

multiple connected regions. I believe this is the first model to demonstrate the

spread of electric field stimulation effects across regional connections. There have

been finite element modelling studies predicting that the stimulation current it-

self may be able to impact subcortical regions with certain montages (Parazzini

et al., 2011; DaSilva et al., 2012). However, the FEM studies did not include

predictions of any changes in tissue dynamics, or capture spread due to changes

in tissue activity in the stimulated area. The approach I take is therefore com-

plementary to these existing studies. The multiregional variant of the model

predicts that there may be changes in connected regions as a result of stimula-

tion in a target area. This may in fact be exacerbated by the fact that many
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TES protocols are rather unfocused. Untargeted areas may receive a low level

of stimulation from the electric field, as well as ripple effects from the change in

activity in the target area. I have also demonstrated how this spread of effects

may be harnessed to target otherwise difficult to stimulate regions.

• Creating a modelling framework for predicting the efficacy of surgical

intervention in temporal lobe epilepsy.

I introduced a model of epilepsy which I believe was the first to incorporate

patient-dervied DTI connectivity matrices. The surgery prediction model has

already seen publication (Hutchings et al., 2015) and there has been effort to

continue the progress made in this study using electrocorticography data rather

than the non-invasive DTI data (Sinha et al., 2017). I found that the model

reproduced important spatial and temporal patterns of epileptic seizures. Hence

the simple model containing only the connectivity and region volume informa-

tion from individual patients may be sufficient to provide useful predictions for

surgeons in the future. This study provides a framework for continuing in this

line of work, and additionally illustrates the practical uses of abstract models,

particularly in enabling individualised treatment protocols.

Altogether, the work presented here demonstrates the use of computer models for better

understanding brain modulating interventions as well for practically improving their effi-

cacy. The approaches outlined in this thesis will hopefully lead to more personalised and

effective treatment in the fields of TES and epilepsy surgery. I discuss these contributions

further in the next section in the context of wider research.
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6.2. Discussion

At the very start of this thesis I highlighted three main problems which I hoped to

address with the models I have presented: 1) the need for alternative interventions in

brain diseases, 2) the need for personalised intervention in brain diseases, and 3) the need

for improved surgical intervention in epilepsy.

6.2.1. Addressing the need for alternative interventions in brain disorders.

Non-invasive brain stimulation has the potential to provide a powerful alternative to

pharmacological therapies, however it is plagued by inconsistency in results. This is

particularly the case for transcranial direct current stimulation (tDCS), which has the

benefits of minimal side effects and a low cost. The electric field stimulation model

introduced in chapter 3 can be used to simulate tDCS fields. The model then predicts

the stimulation effect on underlying neurons. In this way I can predict the impact of a

given field on brain tissue.

The model is flexible and can easily be adapted to simulate various scenarios as well

as the impact of stimulation in different species or brain regions. The main novelty of

this model of electric field stimulation is in its ability to take any given FEM field and

predict the cortical response at the level of brain tissue. The majority of existing models

only predict where the current build up will be, not the effects of this. The VERTEX

model can take the current density predictions as an input to predict the tissue response.

Our model can therefore be used to evaluate and improve montage parameters for tDCS

therapies. With a model-informed parameter choice the inconsistencies in results could

be reduced, making tDCS a far more attractive alternative therapy.

Changes at the tissue level can be extrapolated to predict cognitive changes. In tDCS

experiments there is often an assumption that the applied stimulation will either increase

or decrease activity, leading to a corresponding change in cognitive efficiency in the region

of interest (Bonaiuto and Bestmann, 2015). With a model which can predict these tissue-

level changes quantitatively, we can reduce the number of assumptions involved, improving

cognitive level predictions.

Additionally, the model can be used to help determine what factors of individual

difference need to be controlled for to provide more consistent results. For example,

I have briefly addressed how background activity can make a difference to the tissue
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response to stimulation with a comparison of beta and delta oscillations in the same

cortical model. With this computational model I can go on to characterise how a wide

range of variables impact the tissue response to stimulation. Characterising the impact

of a large range of different tissue properties would be exceedingly time-consuming and

expensive in laboratory experiments. Computational approaches can save time, money,

and limit the need for animal experimentation.

6.2.2. Addressing the need for personalised interventions in brain diseases.

The ability of the electric field model introduced in chapter 3 to take FEM inputs means

that it is possible to calculate a personalised electric field for a given montage and to

predict the impact on tissue. Software already exists which can take a patient’s MRI-

derived brain mask and calculate how individual brain anatomy will affect the electric

current flow in a region of interest. As mentioned above, the model can also be modified

to have individualised variables, including background activity (which can be determined

by EEG), neuron density, and cortical thickness (see supplementary figure S14).

In chapter 4 I focused on further exploring and extending the electric field model.

I showed the impact of field orientation on the neurons, and introduced the ability to

have multiple regions and different background oscillation frequencies. This work sets

up the model to address the need for personalised interventions in brain disorders, as

we see 1) the importance of knowing the field orientation with MRI based current flow

predictions, 2) background activity impacts the tissue response to stimulation and can

be individually measured prior to stimulation, and 3) individual connectivity can predict

potential accumulation of stimulation effects in untargeted regions.

In terms of the importance of orientation, the model results agreed with existing lit-

erature (Rahman et al., 2013; Stagg and Nitsche, 2011; Ardolino et al., 2005) in finding

that changes in orientation of the electric field has a significant effect on the tissue re-

sponse. The VERTEX model is the first to capture the difference that neuron orientation

and morphology make to the global tissue response to stimulation with large populations

of individually modelled neurons. It minimises assumptions about how the population

response will change with different fields by using the cable equation method to predict

the neuron response. This also means that more complex fields can be evaluated (e.g

supplementary Fig. S6).
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For the background activity impact, I found that beta oscillations appear to be more

predictably influenced by the stimulation fields compared to slow (delta) oscillations.

This characteristic may make beta oscillations a more appealing target for stimulation,

as there is a better likelihood of consistently achieving the desired change in tissue. This

is particularly useful given that beta oscillations are already associated with a number

of network disorders (Basha et al., 2014; Little and Brown, 2014; Koelewijn et al., 2015;

Hamandi et al., 2011).

As for the individual connectivity predictions, I established that stimulation may,

through regional connections, impact untargeted regions. This is a finding that might seem

worrying at first glance, but which could be harnessed to become a useful phenomenon.

One issue with current tDCS paradigms is that they are limited in ability to impact

deeper, subcortical brain regions. By stimulating areas connected to the deeper target

it could be possible to produce the kind of stacked effect illustrated by the model in

figure 4.8 to stimulate otherwise hard to reach subcortical areas.

The model of epilepsy surgery introduced in chapter 5 addresses the need for person-

alised interventions by proposing a framework for individualised surgery prediction. The

model incorporates patient brain connectivity data, derived from diffusion tensor imaging

data. Every individual has a different map of interregional brain connections. In epilepsy,

abnormal seizure activity spreads across the brain, most likely across these interregional

connections as well as within regions. Individual connectivity can therefore inform the

speed and spatial pattern of seizure spreading. This in turn can be used to predict where

best to intervene. The model additionally takes into account brain region volume infor-

mation, which is again a characteristic which varies between regions and individuals. In

this way the model can produce personalised predictions which can then be applied to

address our final need; improvement in surgery intervention.

6.2.3. Addressing the need for improved surgical intervention in epilepsy.

As I have just mentioned, the work in chapter 5 uses patient data to predict personalised

surgery interventions. The model can distinguish patients and controls, and predicts

different regions of vulnerability for seizure spread and initiation in different patients. I

carried out virtual surgical resections in this model to predict personalised surgery success

rates. I first removed three regions corresponding to the usual resection protocol for
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temporal lobe epilepsy, the amygdalahippocampectomy. This procedure has been found

to be successful roughly 70% of the time, and in our model I replicated this success rate for

the amygdalahippocampectomy simulations. I then resected the top three regions which

were found to be the fastest to go into a seizure state in each patient as first attempt

at personalised resections. These naive first attempts at personalised resections led to

significant improvements, reducing seizure rates in the model in 100% of cases. This work

has already laid the groundwork for more recent studies. One study using ECOG data

rather than DTI has already shown successful prediction of surgery success for a majority

of cases studied (Sinha et al., 2014). I hope that this modelling framework will lead to

real clinical benefits by providing patient-specific predictions to aid clinicians in surgery

planning.

6.2.4. Alternative, personalised interventions for epilepsy and other brain

disorders.

Looking ahead, I hope to combine the modelling approaches introduced in this thesis to

allow the estimation of personalised neurostimulation approaches for full brain network

disorders. As the VERTEX model is too computationally costly to simulate for the whole

brain, I would need to take an alternative approach. One method could be to combine

detailed VERTEX models of target regions with simplified ODE models of the untargeted

regions. Alternatively, the stimulation impact in the target region could be estimated with

VERTEX, and then the main characteristics of the stimulation effect mapped to a simpler

neural mass model in a framework like the one in chapter 5.

If I could predict stimulation approaches that reduce seizure likelihood then this would

provide an alternative intervention to surgery. In this way I would be able to meet all of the

aims motivating this thesis in one combined effort. Providing an alternative therapy for

reducing or preventing seizures, personalised with patient derived connectivity and field

estimates. tDCS has already been shown to have some success at seizure suppression in

a small number of studies (Ng et al., 2018; Liebetanz et al., 2006; San-juan et al., 2015),

so this would not be an unprecedented approach. If a combined multilevel modelling

approach was successful then it could be modified to target alternative disorders, such

as depression or schizophrenia. Additionally, the VERTEX model could be modified

to incorporate further stimulation modalities. There is great potential for building on
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the modelling work in this thesis to enable improved treatment predictions for network

disorders in the future.
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6.3. Limitations

At the end of each chapter I discussed the limitations of the work presented. Here, I

summarise the major limitations of the work as a whole. This leads us on to discussing

future work to address the aforementioned limitations. I finally propose further avenues

for expanding and utilising the models introduced in this thesis.

6.3.1. Summary of main limitations.

For the model of electric field stimulation, one of the main issues is the difficulty in

chosing parameters. There is a great deal of biological detail that is not incuded in the

model in order to make it computationally feasible to simulate large numbers of neurons.

Detailed tissue-level data is not always available, and much of the data used to inform

the ferret cortical model was based on the cat rather than the ferret. Whilst there is

always more detail that could be included, the model did manage to capture the main

effects of stimulation on the cortical model when compared to actual stimulation data.

This supports my choices of parameters in the model. However, it is possible that an even

better fit to experimental results could have been achieved with a higher level of detail.

One detail that is missing from the model is curvature of the cortical model. Actual

brain tissue curves with cortical folds. This curvature likely has an influence on the

response of tissue to the field, as it affects the angle of neurons to the electric field. This

is one aspect of the model which is currently lacking and impacts its usefulness for clinical

use.

For using this software to predict parameters in human treatment, it would be ideal

to have a validation in humans rather than ferrets, and using a more realistic electric field

than the bar electrodes approach used in chapter 3. The use of an in vitro experimental

protocol for the validation was a matter of practicality, as the recordings made in an in

vitro setting can be directly compared with VERTEX. However in practical use, tDCS is

applied to the living human brain at the scalp. Accessing direct data about the tissue

response to stimulation is very difficult, and this has also been an issue for validating

finite element models (Datta et al., 2013). Whilst it may be impractical to achieve an in

vivo human validation of the model, that does not prevent this from being a limitation.

The multiregion extension of VERTEX also comes with a number of limitations, and

again, the choice of parameters is an important one. Whilst there is some data regarding
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the origins of cortico-cortico connections there is also a lot that is not known. Finding

accurate data to feed into the model is a challenge, and even when there is data available

it may not capture variance between individuals. One solution to this on the level of

connectivity could be to make individualised patient models, if DTI data is available.

However, we then encounter another major limitation of the multiregional model: the

dependence on computational resources. Even with the simplified neuron morphologies

we are restricted in the size and number of regions that can be simulated by the large

amounts of memory needed for simulations.

The simpler epilepsy model introduced in chapter 5 does not suffer from computa-

tional resource restrictions, however it is not without limitations. The model depends

on the assumption that seizures are noise-triggered events, which may not be the case

in reality. More work needs to be done to fully unpick the mechanisms behind seizure

generation. One major limitation of the work is that the connectivity matrices used to

create the patient-specific models are derived from DTI data, and may not always be fully

correct (Jbabdi and Johansen-Berg, 2011). A particular issue is the use of determinis-

tic tractography, which has difficulty distinguishing crossing fibres (Bucci et al., 2013).

This means that we cannot safely assume that the connectivity is completely accurate,

although studies have shown that deterministic tractography captures key connectivity

features (Lim et al., 2015; Avecillas-Chasin et al., 2015; Catani et al., 2003; Mori and van

Zijl, 2002).

A further issue in the connectivity underlying the epilepsy study is the dependence

on the choice of brain atlas used. In this study we parcellated the brain into 82 regions

dependent on anatomical features. There is no current gold standard for the number of

regions to split the brain into to create the connectivity matrices. It would be worthwhile

in the future to rerun the simulations using connectivity matrices found using a different

number of regions and alternative brain atlases. As well as anatomical atlases, there are

parcellation schemes based on functionality, which would be worthwhile to test.

Finally, as with the stimulation model, further validation is needed. In the case of

the epilepsy model, showing that the model can successfully predict whether surgery

was successful for different patients would be necessary. This has been accomplished in

similar studies using ECOG-derived connectivity (Sinha et al., 2017). Providing similar
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predictions for the DTI-based model would be beneficial, as DTI is noninvasive whilst

ECOG data requires opening up the skull to place electrodes on the brain.

6.4. Future work

Whilst the limitations listed above have not been addressed in the work presented in

this thesis, they do provide clear future directions for improvements. I begin this section

by proposing work to address many of the issues I have mentioned. I then go on to propose

further future avenues of work making use of the models created in this thesis.

6.4.1. Addressing limitations.

Firstly, I mentioned in the above section that a major issue with the current VERTEX

model is the lack of curvature in the tissue. This is an important limitation to address,

given the evident dependence of the stimulation response on neuron orientation to the

field. Curvature functionality does already exist in VERTEX to allow it to match cortical

surfaces (Long et al., 2014), so in future studies, where it is relevant to do so, I will employ

this code.

Further validation of both the tissue model and the full brain surgery model are

needed. For the VERTEX tissue model, further in vitro validation would be the next

step, as the model is set up to replicate the observations of brain slice experiments.

Testing the predictions from chapter 3 regarding the response of tissue exhibiting beta

oscillations would be a straightforward next step. A similar protocol as used in (Fröhlich

and McCormick, 2010), using bar electrodes to generate a 4mV/mm field over the tissue

slice, would be plausible. Finding a close experimental match to novel model predictions

would greatly increase confidence in the VERTEX model of stimulation.

For the surgery model I would need to gather further patient data with surgical out-

comes. This could then be used to show whether the model can accurately predict whether

each patient’s surgery procedure was succesful. In each case, if the validation was to be

unsuccessful then there would clearly be more work needed to improve the models and

to identify what essential predictive information they are missing. Whilst this would

mean more work, it would also give us futher information about the mechanisms behind

succesful surgical treatment of epilepsy and behind tissue responses to stimulation.
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Finally, to address the limitations in connectivity generation for the surgical model, it

would be beneficial to rerun the model with alternative individualised connectomes. Net-

works could be generated using probabilistic tractography algorithms, then additionally

generated with varying region numbers and alternative parcellation atlases. This work

would be time-consuming, but worthwhile in identifying which connectome generation

profiles are the most predictive for determing surgery success.

6.4.2. Further applications of the modelling work.

There are a large number of future directions that this work could take, beyond address-

ing immediate limitations. One aim for the future is to extend the VERTEX model to

simulate different NIBS variants, particularly TMS, tACS and tRNS (see chapter 2 for

further information on these modalities). This would allow us to compare the stimula-

tion modalities directly, and to make predictions about their mechanisms and combined

effects. I introduce some provisional work in the supplementary section on implementing

tACS and TRNS in the VERTEX model. This extension is in need of further testing

and validation. With validation, these modalities could be compared to the tDCS model

for efficacy, and provide predictions about these less well studied modalities. TACS in

particular has shown some success in entraining cortical oscillations, making it a poten-

tially very useful alternative intervention for disorders where abnormal cortical activity is

found.

Another future direction would be to use the VERTEX model to directly address

the issues of variability in stimulation response between brain regions and individuals.

As variability in stimulation efficacy is one of the largest issues with the field of brain

stimulation today, this would be a very rewarding direction. I have touched upon this

issue briefly already, comparing the different responses to stimulation of tissue showing

beta and slow oscillations in chapter 3. There are, however, many more potential sources

of variability. Figure 6.2 shows a schematic of some of the major sources of individual

variation which could impact stimulation success. Supplementary figures S14 and S15

show provisional simulations for a variety of different background oscillations and for

different neuron densities. The associated supplementary section also discusses initial

work towards quantifying these individual differences. When completed this will enable us
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A)

Individual di�erences can mean the same 
ROI is a di�erent distance from the electrode.

B)

C)

Individual di�erences in cortical thickness may
have an in�uence on stimulation response.

neuron number retained

neuron density retained

D)

Individual di�erences in neuron density may
have an in�uence on stimulation response.

Individual di�erences can mean the same ROI 
is at a di�erent orientation to the electric �eld.

Figure 6.2:

to determine what variables are the most essential to control for in experimental settings.

This would be particularly useful in designing personalised stimulation protocols.

6.4.3. A combined modelling approach for stimulation at the whole brain

level.

I have previously touched upon the idea of combining the different models presented in

this thesis. I mentioned that there are a number of ways of combining the approaches. One

approach would be to treat the models as separate, and to first test stimulation approaches

in the epilepsy model framework to determine a target and a desired stimulation-induced

change in the target areas. Once a feasible stimulation approach has been determined,

which the epilespy model predicts will reduce seizure occurences, then the VERTEX

model can be employed to determine what electric field strength and orientation would

be needed to elicit the desired change in tissue activity. This information can then be fed
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into existing FEM software to determine the optimal electrode montage to produce the

correct field strength and orientation in the region of interest.

An alternative approach would be to couple the models, simulating target regions

as VERTEX models whilst untargeted regions are simplified as neural mass models and

tuned to give an output analogous to the VERTEX model. In this way, the stimulation

effects can be modelled more accurately, and the impact on the network can then be

directly observed. This would require more computational resources than the disconnected

pipeline approach described above, however it would cut out one level of the pipeline

approach by directly determining the stimulation change needed in the VERTEX model.

In either case, the VERTEX model would likely need to be adapted to simulate disease

characteristics and the epilepsy model would need to be adapted to allow for stimulation.

These are not insurmountable challenges, however, and with work this could become a

useful pipeline for predicting treatment parameters for a range of network based disorders.

6.5. Concluding remarks

The models presented in this thesis represent first steps towards tangible improvements

in current therapies for targeting disorders of brain networks. I have shown novel models

to address three main needs in the current clinical landscape. I have shown how these

models contribute towards 1) improving the usefulness of alternative therapies, specifically

tDCS, 2) facilitating personalised clinical approaches, and 3) addressing the need for

improved surgical intervention in epilepsy. I hope that the work presented here will lay

the foundations for ultimately fulfilling these clinical needs and more.
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Lefaucheur, J.-P., André-Obadia, N., Antal, A., Ayache, S. S., Baeken, C., Benninger, D. H.,

Cantello, R. M., Cincotta, M., de Carvalho, M., De Ridder, D., Devanne, H., Di Lazzaro, V.,
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M. W., Guo, F., Mesri, H. Y., Dávid, S., Froeling, M., Heemskerk, A. M., Leemans, A., Boré,
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A. VERTEX model description and parameters

VERTEX is a MATLAB toolbox, previously introduced in (Tomsett, 2014) as a model

of neural tissue capable of replicating local field potential recordings. The toolbox uses

simplified neuron morphologies in order to allow large simulations of 10,000+ neurons.

These have been shown in Tomsett (2014) to mimic full neuron models well, whilst being

far faster to simulate. The models are built using biological data, and initial validation was

carried out with gamma oscillations in the macaque neocortex. Tutorials are available at

the website http://vertexsimulator.org going through the basic setup of models. Tutorials

for the electrical stimulation model and plasticity in the VERTEX 2.0 release can be found

at https://github.com/Fehings/Vertex git.git.

Tables S1 to S8 describe the model according to the recommendations of Nordlie et al.

(2009). Following this tabular description, table S9 and figures S1 to S4 show model

parameters used in this thesis for the Ferret model and for the layer 2-3 model used in

the multiregion simulations. Fig S5 shows a diagramatic overview taken from Tomsett

et al. (2015) illustrating the way the VERTEX simulator is set up.

Table S1:

Model Summary

Populations
Variable, in the simulations used in this thesis there are
15 in the Ferret model, and 3 in the multi-region simulations.

Topology Populations organised by layers with user defined bounds

Connectivity
Randomised connections based on the neuron positions
and user defined parameters specifying the expected number of
connections and synapses from one population to another.

Neuron model Again can be varied, in this thesis the AdEx model was used.
Channel models -

Synapse model
Both current and conductance based synapses are
available in VERTEX. In this thesis conductance
based single exponential synapses were used.

Plasticity
None used in the simulations in this thesis, however
STDP and STP have been implemented in VERTEX.
See Thornton et al. (2019).

Input

All neurons receive randomised input with user defined means
and standard deviations. Additionally, in this thesis electric
field stimulation is applied to all neurons and in some
simulations a step current is additionally applied to all neurons.

Measurements Spike activity, LFP, single neuron membrane potentials
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Table S2:

Populations

Name Description
% of total
model (Ferret)

% of total model
(Multiregion)

Compartments

P23 Pyramidal neurons in layer 2-3 (L2-3) 27.41 80 8
B23 Basket interneurons in L2-3 3.27 10 7
NB23 Non-basket interneuron in L2-3 2.25 - 7
SS4(-4) Spiny stellate neurons in L4 projecting to L4 9.67 - 7
SS4(-23) Spiny stellate neurons in L4 projecting to L2-3 9.67 - 7
P4 Pyramidal neurons in L4 9.67 - 8
B4 Basket interneurons in L4 5.68 - 7
NB4 Non-basket interneuron in L4 1.58 - 7
P5(-23) Pyramidal neurons in layer 5 projecting to L2-3 5 - 9
P5(-56) Pyramidal neurons in layer 5 projecting to L5&6 1.36 - 9
B5 Basket interneurons in L5 0.63 - 7
NB5 Non-basket interneuron in L5 0.84 - 7
P6(-4) Pyramidal neurons in layer 6 projecting to L4 14.13 - 9
P6(-56) Pyramidal neurons in layer 6 projecting to L5&6 4.68 - 9
B6 Basket interneurons in L6 4.16 - 7
Dummy
Neurons

Placeholder neurons for the interregional connections - 10 8
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Table S3:

Topology
Topology can be user defined in VERTEX.
In this thesis the Ferret model has five layers, with sizes shown below.
In the multi-region simulations there was only one layer modelled.
Layer (Ferret model) Depth (micrometers)

1 182
2/3 367
4 346
5 105
6 240

Table S4:

Connectivity
All populations have randomised connections to other populations, with connection
probabilities, synaptic weights and target compartment locations user defined.
In the Ferret model these connections are based on biological data, and connectivity
parameter details are shown in figures S1 and S2, taken from Tomsett et al. (2015).
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Table S5: For further detail see the supplementary material in Tomsett et al. (2015), the equations in the table are taken from the description
in this paper. The parameters mentioned in the dynamics equations represent the following: Vs is the soma membrane potential, Vk is the
dendritic membrane potential. Similarly, subscript ’k’ and ’s’ represent the dendritic or soma version of the following parameters where relevant.
C is the membrane capacitance, gleak is the leak conductance (the reciprocal of the membrane resistance), Eleak is the leak reversal potential.
The conductances between the soma/dendrites and their connected ’jth’ compartments are represented by gs,j and gk,j respectively. ∆t is a
constant which determines the spike steepness, Vt the instantaneous threshold potential and w represents the combined slow and ionic currents,
it has a time constant τw and scale factor α. The total current input is represented by I. The potential at which a spike is considered to fire is
vcutoff , after a spike vs resets to the membrane potential given in vreset. The change in the slow current w after a spike is set by β.

Neuron Model
Name AdEx
Type Adaptive Exponential neuron model used in the soma, with passive dendrite dynamics.

Soma Dynamics

Cs
dvs
dt

= −gleak,s(vs − Eleak)−
∑

j gsj(vs − vj) + gleak,s∆texp(
vs−Vt

∆t
)− w + Is,

τw
dw
dt

= α(vs − Eleak)− w, if vs ≥ vcutoff :
vs ← vreset,
w ← w + β,

Dendrite Dynamics Ck
dvk
dt

= −gleak,k(vk − Eleak)−
∑

j gkj(vk − vj) + Ik

Table S6:

Synapse Models

AMPA, GABAa

If a spike occurs synaptic conductance g for the given synapse type at a contacted target compartment k
(specified in the connectivity matrix) is increased by the relevant synaptic weight after the relevant axonal delay time.
The synapses then decay exponentially:
dgAMPA,k

dt
= −gAMPA,k

τAMPA
,
dgGABA,k

dt
= −gGABA,k

τAMPA

The total synaptic current Ik at compartment k at time t is:
Ik(t) = gAMPA,k(vk(t)EAMPA) + gGABA,k(vk(t)EGABA).
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Table S7:

Input
Type Description

Random inputs

Each neuron population is given a mean and
standard deviation to seed a normally
distributed random input. The parameters
used vary for different background behaviour,
see table S9 for details.

Electric field stimulation
The electric field is inputed as a finite element
model and field values are interpolated for each neuron.
See the methods section in Chapter 3 for further details.

Step current
An input is added via the total current input
parameter in the neuron model equations for
a user defined amplitude and length of time.

Table S8:

Measurements
Measure Detail

Spikes
Spike activity for all neurons, with Neuron
IDs and time points to allow raster plots.

LFP LFPs from user defined electrode locations, sampled at 1kHz.

Vm
Membrane potentials over time from user specified
neurons (by ID) and compartments.
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Table S9: The synaptic delays are applied generically depending on the connection type
between excitatory (E) or inhibitory (I) population types. The noise inputs were applied
for the individual neuron populations, these are shown with an abbreviated type followed
by the layer the neuron type is present in, e.g. P23 indicates layer 2/3 pyramidal cells. B
indicates basket interneuron, NB indicates non-basket interneuron, SS indicates excitatory
spiny stellate cells. The number in brackets after some entries distinguishes between
populations which have differing projections, i.e. SS4(-4) indicates spiny stellate cells
in layer 4 which project to layer 4. This table shows the differences for the alternative
background oscillation types. For the full model parameters the full code is available for
download at https://github.com/Fehings/Vertex git.git

Parameter Slow Oscillations Beta Oscillations
Synaptic delay: E-E 5.5 2
Synaptic delay: E-I 14.25 0.8
Synaptic delay: I-E 24 6
Synaptic delay: I-I 34 3
Mean noise input P23 220 360
Std noise input P23 110 110
Mean noise input B23 100 200
Std noise input B23 60 60
Mean noise input NB23 120 160
Std noise input NB23 40 40
Mean noise input SS4(-4) 185 205
Std noise input SS4(-4) 50 50
Mean noise input SS4(-23) 185 205
Std noise input SS4(-23) 50 50
Mean noise input P4 200 250
Std noise input P4 70 70
Mean noise input B4 100 200
Std noise input B4 60 60
Mean noise input NB4 120 160
Std noise input NB4 40 40
Mean noise input P5(-23) 590 860
Std noise input P5(-23) 260 260
Mean noise input P5(-56) 590 860
Std noise input P5(-56) 260 260
Mean noise input B5 100 200
Std noise input B5 60 60
Mean noise input NB5 120 160
Std noise input NB5 40 40
Mean noise input P6(-4) 660 660
Std noise input P6(-4) 470 170
Mean noise input P6(-56) 660 660
Std noise input P6(-56) 470 170
Mean noise input B6 100 200
Std noise input B6 60 60
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Figure S1: This table was published in Tomsett (2014); Tomsett et al. (2015), with the
following caption information. The same connectivity was used in the Ferret model, as
the data used to inform the connectivity is taken from existing biological data. The table
shows the neuron population sizes given as percentage of the total model size. Pyramidal
neurons have apical dendrites spanning several cortical layers, so the maximum number
of synapses received is specified per-layer for them. The proportions of the recieved
synapses made by each presynaptic neuron group are given in percentages of the maximal
synapse numbers. Slice cutting effects are replicated by having neurons in the slice model
receive fewer than the maximum possible synapses. This data was adapted from Binzegger
et al. (2004) with the long-range connections removed. In the single layer model used
in the multiregion simulations there are only three populations, pyramidal (P), basket
interneurons (B) and the dummy neurons (D). In this model the total numbers of synapses
are P: 2300, B: 1600, D:3000. The percentage of synapses from these presynaptic groups
are P→P= 73.91, P→B= 26.09, B→B= 37.5, B→P= 62.5, D→P= 100.
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Figure S2: This table was published in Tomsett (2014); Tomsett et al. (2015) and is
repeated here as the same parameters were used in the Ferret model in this thesis. In
the layer 2-3 model used in the multiregion simulations the weights are slightly different.
There are only three populations, pyramidal (P), basket interneurons (B) and the dummy
neurons (D): P→P= 0.05, P→B= 0.1, B→B= 0.2, B→P= 0.2, D→P= 0.5.

Figure S3: This table was published in Tomsett (2014); Tomsett et al. (2015) and is
repeated here as the same parameters were used in the Ferret model in this thesis. In
the layer 2-3 model the compartment targets are slightly different. P→P and D→P
compartment targets are 2345678. P→B and B→B target 234567, while B→P targets
the soma compartment 1.
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Figure S4: This table was published in Tomsett (2014); Tomsett et al. (2015) and is
repeated here as the same parameters were used in all of the VERTEX simulations con-
ducted in this thesis. Additionally worthy of mention, the time step used in all simulations
was 0.03125 ms.

Figure S5: This schematic was published in Tomsett (2014); Tomsett et al. (2015) and is
repeated here as a useful overview of the VERTEX simulator for the reader.
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B. Supporting information for chapter 3
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Figure S6: The two shapes shown here were extracted from the ‘brainder’ 3D MRI derived
human brain model using Blender. The regions were smoothed and imported into Mat-
lab, where the PDE toolbox simulated the current distribution expected from different
electrode configurations. The top image shows an example of a ‘high definition’ tDCS
montage with the anode at the centre of a ring of cathodes, while the lower image shows
a more conventional current field with the green patch representing a VERTEX neuron
network within the field.
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C. Supporting information for chapter 4
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Figure S7: This series of plots shows the change in spiking against the DC shift (first
column) phase shift (second column) and change in root mean squared (RMS) amplitude
(third column). The first row of plots show the total change in spike counts, the middle
row is for the change in spike counts for the inhibitory neurons only, and the bottom row
is for the change in spike counts for excitatory neurons only. The red data points in each
plot are for the changes in the measures with anodal stimulation applied, and the blue
points are for the changes with cathodal stimulation. The lines of corresponding colour
are the lines of best fit for each data set. Every data point represents the difference for
the given measures between a pair of no stimulation vs. stimulated runs with the same
noise seed, there are 30 data points for each set for 30 different noise seeds.
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Figure S8: The stimulation time is shown with an orange colouring on the time series plots.
The three different conditions compared are different connectivity maps for the regions,
the maps are represented to the right of the mean LFP plots. The stimulation produced
two large pulses of activity, and the connections were all delayed by approximately 45ms.
In the linear connection map shown in the first time series plot, the second region (B)
shows a response to the stimulation at the delayed time, but there is no obvious peak in
the signals for regions C and D. In the latter two connection maps, regions B and C both
receive a connection from the stimulated region A, and these then both show the same
delayed response peak. Despite receiving an input from both B and C, there is no clear
response from the more remote region D.
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Figure S9: A three region network, as shown in the schematic at the right hand side,
where two regions ‘A’ and ‘B’ are both connected to the third, ‘C’. In this instance the
delays are the same for A and B, meaning that when both regions are stimulated there
is a stacking of effects in region ‘C’. This is shown in the mean LFP plot, where the
stimulation given at 400ms produces a peak in both A and B, and results in a higher
delayed peak at roughly 490ms for region C.
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Figure S10: The plots here show changes in spiking in the targeted region 3 of the multi-
region remote targeting example (see Fig. 4.8) plotted against other activity measures. In
plots A-C, red points represent the difference between the condition where both connected
regions were stimulated and the no stimulation condition. The purple points show the
condition where only one of the connected regions was stimulated vs. the no stimulation
condition. The blue points represent the difference between the conditions where both
connected regions were stimulated with a cathodal field and the no stimulation condition.
In part A, the amplitude is plotted against the change in spiking, showing a consistent lin-
ear trend and a change for both amplitude and spiking for the different conditions. Part B
shows the frequency shift against spikes, with clear changes in the spikes but little change
in frequency between conditions. The lines of best fit are not the most convincing in this
case. Part C shows the DC shift, which shows similar trends to the amplitude comparison.
Finally in part D the total spikes for each condition, rather than the difference in spikes
compared to no stimulation, are plotted against the root mean squared (rms) amplitudes.
In this case the same colour scheme holds for the scatter plots, with the addition of black
points to show the no stimulation condition. It is clear that the condition with only one
remote stimulated region shows little deviation from the no-stimulation condition, but
having both connected regions stimulated makes a clear difference, in all plots.
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D. Supporting information for chapter 5
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Figure S11: Similar to Fig. 5.3, controls and patients show different distributions of escape
times. Part A shows the times for the first nodes to escape, and part B plots the times
taken for the second nodes to escape in each subject.
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  Connectivity between L and R superior frontal areas 

 
 

 
 Connectivity between R. Precentral and R. Postcentral gyrus  

  
Supplementary Figure 3: Mean stramline length is similar to median streamline length between regions. 
Exemplary connections between brain areas demonstrating similarity of streamline length measures. a) Streamlines 

A) B)

C) D)

Figure S12: Exemplary connections between brain areas demonstrating similarity of
streamline length measures. A shows streamlines connecting the left (purple) and right
(red) superior frontal areas. Streamlines are coloured according to their direction. Part
B is a histogram of the lengths of the streamlines shown in A. C illustrates streamlines
connecting the precentral (yellow) and postcentral (red) gyri in the right hemisphere.
Transparency of the gyri enables visualisation of the streamlines. D shows a histogram of
the lengths of the streamlines shown in C.
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Table S10: This table shows which numbers correspond to which brain region. ‘lh’ is
short for left hemisphere, (nodes 1 to 41) while ‘rh’ is short for right hemisphere (nodes
42 to 82).

1 lh.bankssts 42 rh.bankssts
2 lh.caudalanteriorcingulate 43 rh.caudalanteriorcingulate
3 lh.caudalmiddlefrontal 44 rh.caudalmiddlefrontal
4 lh.cuneus 45 rh.cuneus
5 lh.entorhinal 46 rh.entorhinal
6 lh.fusiform 47 rh.fusiform
7 lh.inferiorparietal 48 rh.inferiorparietal
8 lh.inferiortemporal 49 rh.inferiortemporal
9 lh.isthmuscingulate 50 rh.isthmuscingulate
10 lh.lateraloccipital 51 rh.lateraloccipital
11 lh.lateralorbitofrontal 52 rh.lateralorbitofrontal
12 lh.lingual 53 rh.lingual
13 lh.medialorbitofrontal 54 rh.medialorbitofrontal
14 lh.middletemporal 55 rh.middletemporal
15 lh.parahippocampal 56 rh.parahippocampal
16 lh.paracentral 57 rh.paracentral
17 lh.parsopercularis 58 rh.parsopercularis
18 lh.parsorbitalis 59 rh.parsorbitalis
19 lh.parstriangularis 60 rh.parstriangularis
20 lh.pericalcarine 61 rh.pericalcarine
21 lh.postcentral 62 rh.postcentral
22 lh.posteriorcingulate 63 rh.posteriorcingulate
23 lh.precentral 64 rh.precentral
24 lh.precuneus 65 rh.precuneus
25 lh.rostralanteriorcingulate 66 rh.rostralanteriorcingulate
26 lh.rostralmiddlefrontal 67 rh.rostralmiddlefrontal
27 lh.superiorfrontal 68 rh.superiorfrontal
28 lh.superiorparietal 69 rh.superiorparietal
29 lh.superiortemporal 70 rh.superiortemporal
30 lh.supramarginal 71 rh.supramarginal
31 lh.frontalpole 72 rh.frontalpole
32 lh.temporalpole 73 rh.temporalpole
33 lh.transversetemporal 74 rh.transversetemporal
34 lh.insula 75 rh.insula
35 lh.thalamus 76 rh.thalamus
36 lh.caudate 77 rh.caudate
37 lh.putamen 78 rh.putamen
38 lh.pallidum 79 rh.pallidum
39 lh.amygdala 80 rh.amygdala
40 lh.hippocampus 81 rh.hippocampus
41 lh.accumbens 82 rh.accumbens
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Table S11: This table shows a list of the 3 nodes which were consistently the earliest to
escape to a seizure state for each individual in patients and controls, ranked in the order
of number of appearances. It additionally includes patient age and gender information,
where M indicates a male and F female. The numerical code for the node regions is
explained in the previous table. Where there is a NaN (‘Not a Number’) label instead of
a number there were only one or two nodes which were consistently the earliest to escape.

Controls Age Gender Nodes Patients Age Gender Nodes
1 34 M 75 35 27 1 44 F 37 10 22
2 48 F 48 45 12 2 43 F 39 80 32
3 35 F 31 32 NaN 3 45 F 21 53 62
4 55 F 39 28 48 4 23 F 39 27 32
5 47 M 9 33 69 5 33 F 39 75 34
6 18 F 62 21 34 6 54 F 80 11 68
7 39 M 69 73 NaN 7 49 M 39 21 47
8 33 F 67 76 75 8 46 M 32 65 39
9 54 F 53 37 78 9 32 M 32 6 15
10 50 F 30 28 65 10 44 M 39 35 80
11 61 F 30 71 78 11 45 F 80 78 76
12 27 M 36 64 26 12 48 F 11 39 52
13 37 M 5 79 64 13 32 F 34 68 55
14 44 M 81 73 23 14 22 M 75 34 23
15 46 M 42 48 80 15 24 F 15 39 63
16 42 F 12 53 28 16 54 F 39 35 76
17 53 M 19 74 27 17 27 M 37 79 75
18 46 F 29 27 68 18 39 M 35 27 39
19 32 M 72 NaN NaN 19 39 F 28 63 11
20 22 M 34 17 61 20 62 F 45 29 27
21 23 F 81 38 78 21 68 F 39 80 35
22 45 M 4 76 68 22 29 F 12 23 39
23 26 M 20 63 57
24 67 F 35 34 23
25 41 M 35 34 76
26 46 M 66 81 NaN
27 45 F 34 19 37
28 31 F 72 23 NaN
29 24 F 69 27 23
30 70 F 8 14 76
31 24 F 28 60 NaN
32 19 M 22 71 28
33 36 M 11 18 66
34 49 M 70 7 75
35 48 F 68 78 10
36 21 M 81 58 NaN
37 58 F 78 54 37
38 45 F 70 68 64
39 39 F 63 50 23
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Table S12: Fibre length measures and surface areas were checked and documented to look for any evidence of influence. The table shows z
scores found from mean fibre lengths normalised by maximum fibre length and z scores from surface area data. These standard scores show the
deviation from the main distribution and were found for the mean lengths of fibres connected to the fastest nodes, as well as for the surface
areas of the fastest nodes. These measures were checked for all subjects and also within subject groupings of patients and controls.

Z-scores, from mean fibre lengths. Z-scores, from Surface areas.
Node All subjects Patients only Controls only All subjects Patients only Controls only
lh.amygdala 0.081293759 0.08728586 0.08728586 -0.381633558 -0.505552189 -0.32925328
lh.temporalpole -0.43522108 -0.431368087 -0.431368087 -1.00110727 -1.038397738 -1.013346412
rh.amygdala 0.029684499 0.022937121 0.022937121 -0.34154629 -0.36831074 -0.338419951
lh.putamen 0.342168971 0.330502463 0.330502463 0.012017353 -0.003411879 0.020420299
lh.lateralorbitofrontal 0.169811105 0.162182207 0.162182207 0.254764458 0.315429124 0.231267989
rh.thalamus 0.788406376 0.766479009 0.766479009 -0.446216049 -0.480083291 -0.44270331
rh.superiorfrontal 0.296487181 0.275118975 0.275118975 2.706638868 2.71962188 2.785404806
lh.thalamus 0.779128537 0.762401996 0.762401996 -0.491558856 -0.552158355 -0.475577872
rh.insula -0.162332521 -0.166553994 -0.166553994 0.040592048 0.005854523 0.0599382
lh.insula -0.128922293 -0.133526555 -0.133526555 0.006081899 -0.012513789 0.015943881
rh.hippocampus -0.159827477 -0.172577035 -0.172577035 -1.136566035 -1.157983676 -1.161338968
rh.superiortemporal -0.377072693 -0.373833561 -0.373833561 0.730859341 0.736831107 0.750845745
lh.superiorparietal 0.471064183 0.482228282 0.482228282 1.67738011 1.764661549 1.684990839
rh.inferiorparietal 0.209683711 0.206950634 0.206950634 1.758886907 1.814064084 1.785767197
rh.superiorparietal 0.556655671 0.559292882 0.559292882 1.718027846 1.78333143 1.738351415
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Table S13: Additional information recorded about the patients included in this study. FS
in the Early insult column is short for Febrile Seizures, and the seizure types recorded are
simple partial seizures (SPS), complex partial seizures (CPS) and secondary generalised
tonic clonic seizures (SGTCS).

Patient Age at onset Seizure type Early insult
1 15 SPS, CPS None
2 1 CPS,SGTCS None
3 21 CPS None
4 13 CPS,SGTCS None
5 13 SPS, CPS, SGTCS None
6 12 CPS, SGTCS Lesion
7 15 CPS FS, Meningitis
8 3 SPS, CPS FS
9 13 SPS, CPS FS
10 11 SPS, CPS None
11 3 CPS FS
12 30 SPS, CPS, SGTCS Meningitis
13 29 SPS None
14 1 SPS, CPC None
15 1 CPS FS
16 14 SPS,CPS,SGTCS Encephalitis
17 18 SPS,SGTCS FS
18 17 CPS,SGTCS Encephalitis
19 36 CPS None
20 21 SPS, CPS None
21 47 SPS, SGTCS None
22 15 CPS FS
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E. Alternative stimulation modalities in the VERTEX model

The model introduced in chapter 3 was focused on direct current stimulation. Initial

work has been done to implement two alternative forms of transcranial current stimula-

tion: transcranial alternating current stimulation (tACS) and transcranial random noise

stimulation (tRNS). Both of these modalities vary the stimulation field over time, and

are less well studied than tDCS, although there has been considerable interest in tACS

in recent years for its potential ability to entrain oscillations within the brain. There

is some controversy over this ability of tACS, and having a model which could explore

mechanistically what conditions, if any, are required for entrainment could be of great

use.

Here I introduce the methods used to implement these alternative forms of stimulation,

as well as a preliminary example of a tACS run in the VERTEX simulator. As with

the other implementations introduced in this thesis these models will be made publicly

available on github and on the VERTEX website with the release of VERTEX 2.0.

For tRNS, the random noise component is added to the presolved direct current field

described in chapter 3. As the field shows a linear increase or decrease with changing volt-

age inputs, it should be reasonably approximated by multiplication by a random variable

after the spatial solution has been found. This approximation is used in order to make the

simulation computationally feasible, as solving the FEM partial differential equation at

each time step would be impractical and uneccessarily computationally intensive. Prac-

tically, this random noise multiplication was implemented by setting an optional time

dependence parameter to create a random variable on each time step. At each time

step the electric field is varied by a random number, drawn from a white gaussian noise

function in matlab.

For alternating current the elliptic Poisson’s equation was solved with a time depen-

dent term added in order to find the solution for time varying voltage inputs, dV/dt−5·

(σ 5 V ) = Q, and with time varying Dirchet boundary conditions with the r values de-

termined by sin(t∗ω). This method was used because, unlike with tRNS, the alternating

current is a repeating pattern. Therefore the pde can be solved for one full oscillation,

and then the solutions at each time point can be passed to the VERTEX simulation in a

loop. Additionally, unlike DC, AC forms a ‘skin effect’ where there is a greater build up
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of current at boundaries which would not be captured in the model if the approximation

used for tRNS was employed here.

In VERTEX the finite element model for the electric field is solved for one oscillation

period (0 : timestep : 2 · π) and the solution is produced in the form of a matrix with a

time dimension. Within the main simulation the solution at each compartment location

for each time step is then interpolated, and in the main loop of the simulation the electric

field solutions at the current time step for the desired neuron population’s compartment

locations are extracted and applied using the same cable equation approach as for tDCS,

as outlined in the methods section in chapter 3.

The main reported effect of tACS in literature, although there have been some studies

which refute this finding, is that of entrainment, the ability to shift the intrinsic oscillation

frequency of a brain area closer to that of the applied field, or to increase the power of the

frequency at which the stimulation is applied. In the model used there is only one main

oscillation frequency, at roughly 30hz, and figure S13 shows an increase in the frequency

of the applied field, very close to the intrinsic oscillation frequency. However this is

quite minimal. For part C, showing the LFP averaged over layers, the layers retain the

same general voltage trace levels and profile, with a phase shift and amplitude increase

evident in most layers. In this initial simulation there is no clear evidence of entrainment,

however it will be necessary to futher test the model with simulations using tACS at

different strengths and frequencies, and running for different noise seeds, to determine

whether or not this model is capable of reproducing the entrainment observations.

Whilst these implementations certainly require further testing and validation, they

are a step towards having models of a range of different TES modalities which can then

be directly compared and used to produce novel predictions.
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Figure S13: Part A show a comparison of the local field potentials for the ferret slice
with and without alternating current stimulation, with the AC stimulation frequency
overlaid in grey. Part B shows the frequency spectrum for the no stimulation and the AC
stimulation conditions, showing an increase in the frequency when alternating current is
applied at 25Hz. There is a small resonance peak at 50Hz for both conditions as well. Part
C shows the LFP comparison for the different layers, again comparing the no stimulation
condition with the AC condition.
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F. Accounting for individual differences via personalised models

Beyond further predicting the mechanisms of interaction of stimulation with a brain

slice in an experimental scenario, VERTEX also allows for easy tweaking of parameters

to assess the impact of those parameters on the response to stimulation. I provide two

examples of this to demonstrate this usage of the software, varying neuron density (which

is a property known to vary both across brain regions and with age) and background

activity.
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Figure S14: Part A shows the average local field potentials for the different neuron densi-
ties. Part B shows the amplitude comparison over layers for the different neuron densities,
with the stimulation conditions shown by dashed lines, and next to this the phase shift
with stimulation for each of the different neuron densities. Part C shows the averaged
LFP for each neuron density condition with and without stimulation, where stimulation
is shown by dashed lines. Part D shows a comparison between layer 2/3 pyramidal and
interneuron membrane voltage activity for the different neuron density conditions. Part
E shows the difference in layer coherence between the stimulation and no stimulation
conditions for each of the neuron density conditions.

F.a. Impact of varying neuron density. Neuron density varies between different

brain regions and between different species. I varied the neuron density in the ferret slice
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while keeping all other parameters fixed and using background beta oscillations. The

neuron density was varied between 20,000 and 50,000 neurons per mm3 as this range of

densities is found within the human brain. The ferret slice ordinarily is set (in all other

simulations) to a neuron density of 50,000, as this is the estimate that has been made from

available cat data Beaulieu and Colonnier (1983); Gabbott and Somogyi (1986) for the

visual cortex. Part a) of Fig. S14 compares the average local field potential for different

neuron densities, and shows a steady increase in LFP amplitude with increasing neuron

density. The root mean square amplitude shifts with stimulation are consistent for all

of the neuron densities, as shown in part b), although the 30,000 neuron density shows

a greater phase shift than the others. As with the beta oscillation, in this circumstance

it seems that the average LFP for the 30,000 neurons per mm3 condition is more out of

sync with the unstimulated trace than the other conditions, visible in part c) of the figure.

The changes in coherence in part e) across layers are similarly consistent, but coherence

differences increase slightly with increasing neuron density. There is a less clear pattern

for the membrane voltage of different neurons (part d). The interneuron seems more

strongly impacted in the 20,000 and 50,000 cases, while the pyramidal neurons dominate

in the 30,000 and 40,000 cases.

The impact of neuron density on an unstimulated area, as shown in Fig. S14, is

a clear and almost linear increase in the amplitude of the recorded LFP, without any

obvious change in the dynamics recorded. This is an unsuprising result, as the inhibition/

excitation balance remains the same, and there is an increase in the signals contributing

to the recorded field potentials. When stimulation is applied, similarly the change that it

makes to the recorded signals does not appear significantly altered with changing neuron

density. That being said, there does appear to be a larger shift in the oscillation frequency

with lower neuron density, and the changes in layer coherence seem to retain the same

pattern but show greater differences between stimulation and no stimulation conditions

with a higher neuron density.

F.b. Impact of background activity. I also address how differences in background

oscillations can impact a neuronal population’s response to stimulation. Background

activity is an important factor to take into account with stimulation, as subthreshold
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stimulation like tDCS will be more likely to exaggerate or modulate the background

activity rather than change it completely.

Different background oscillation patterns are compared in Fig. S15 A. I modified the

ferret slice connectivity and noise input parameters to produce a range of different oscilla-

tions found in vivo and also random noise with no discernable oscillation pattern. Part B

in the figure shows the the root mean squared amplitude across layers, and how this shifts

with a consistent pattern, but to differing extents, across different background states with

DC stimulation applied. The phase difference with stimulation is also shown, with the

largest difference occurring in the beta oscillation regime. The traces in part D show the

difference in membrane voltage over time between stimulation and no stimulation cases,

with beta oscillations showing the biggest change in PYs. The coherence change is not

predictable, and there is a big difference between all of the background states in terms of

how DC stimulation seems to affect layer coherence.

The different background states do show variablity in response to DC stimulation;

whilst all (apart from noise) show a shift in the oscillation frequency, the extent of the

shifts differs, as does the change in amplitude and between-layer coherence. Background

beta oscillations showed the most dramatic change in phase, and this may be explainable

by the extent of the shift in frequency for beta oscllations when stimulation is applied at

4mV (see part C). The frequency shift puts background beta the most out of sync with

the no-stimulation condition.

The background activity shown in Fig. S15 part A is relatively simplistic, and in

actual in vivo recordings there are often a number of different frequencies discernable

simultaneously Steriade (2001). However in vitro preparations and studies of smaller

isolated circuits often show one dominating network frequency, such as in Fröhlich and

McCormick (2010), which is the case in our model where the neuron population is rela-

tively small and homogenous. A more realistic in vivo activity pattern could be simulated

with a number of populations and a range of connectivity parameters allowing for differ-

ent simultaneously existing oscillation frequencies to arise. For the sake of this analysis,

showing the use and flexibility of the VERTEX model, a simpler example more akin to

in vitro experiments seemed sufficient.
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Figure S15: Part A shows the average local field potentials for the different oscillation
patterns. Part B shows the same background oscillations amplitude comparison over
layers, with the stimulation conditions shown by dashed lines, and next to this the phase
shift with stimulation for each of the different background oscillations. Part C shows the
averaged LFP for each background oscillation comparing with and without stimulation
conditions. Part D shows a comparison between layer 2/3 pyramidal and interneuron
membrane voltage activity for the different oscillation types. Part E shows the difference
in layer coherence between the stimulation and no stimulation conditions for each of the
background oscillation types.

F.c. Working towards quantifying differences. In the last two sections a prelim-

inary comparison has been carried out for the background oscillations and neuron density,

however there is still work to be done to show the real influence of these parameters on

the impact of the electric field. One way in which I hope to address this in future is

to carry out systematic simulations for a number of different parameters known to vary

between individuals and within the brain. Some of the variables I intend to evaluate are

illustrated in figure 6.2, and are, in turn, the distance of the target region from stimulation

(see part A of the figure), the thickness of cortex (part B), neuron density (part C), and

field orientation (part D).
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To find the ranges to vary these parameters across, I first conducted a review through

the literature to find biologically plausible ranges for all of the variability factors shown in

figure 6.2. These ranges will be used to run simulations between to see how the variables

impact stimulation between the extremes. However, in order to compare between the

different variables to determine which of these factors are the most critical when planning

experiments I need to find the population variation for the variables over the whole brain

averages, and I plan to take samples between two standard deviations either side of the

mean. The intersubject distributions of the variables appear normally distributed judging

by already collected data, making them easier to compare.

Were I to compare samples from the full ranges of the variables this would not be a

fair representation of the variability which is actually likely to be seen in any given sample

population. By instead comparing ranges within the 95% confidence intervals I can more

reasonably then compare the influence of the different variables to each other, as they will

represent ranges which we are likely to see in a given healthy population sample.

I hope this work, when completed, will provide an insight into what factors of variation

between individuals have the greatest influence on tDCS studies. This will allow us to

determine which factors should be controlled for, as much as possible, in an experimental

setting.
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