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Abstract

Background: Epilepsy is a neurological disorder of abnormal brain network in which
seizures originate and spread via patient-specific spatial and temporal pathways. Disrupting
these epileptic networks can enable seizure control; therefore, it is crucial to map, quantify,
and understand these networks. This thesis aims to quantify the whole-brain structural
network abnormalities of patients with focal and generalised epilepsy along with patient-

specific network disruptions caused by epilepsy surgery.

Method: We developed a novel patient-specific metric to quantify structural network abnor-
mality at every brain region by standardising whole-brain structural networks of patients
with healthy structural networks. To quantify local changes in the white-matter structure, we
applied quantitative neuroimaging techniques and a computational model for making predic-
tions on mechanisms of epilepsy development. We combined the network-based measures
in robust cross-validated machine learning models to predict neurosurgical outcomes and

seizure spread.

Results: In drug-resistant focal epilepsy patients, structural network abnormality associated
with post-surgical seizure recurrence and patient history of focal to bilateral tonic-clonic
seizures. Combined with routinely acquired clinical variables, we predicted the patient-
specific probability of seizure recurrence after surgery. In patients with idiopathic generalised
epilepsy, we found localised abnormalities in major white-matter fascicles. The thalam-
ocortical computer model of spike-wave seizures implicated the role of cortico-reticular

connections in mechanism of epileptogenesis.

Significance: This thesis highlighted the heterogeneity between patients that may be making
them susceptible to a varied response for the same treatment. We offer practical tools to
quantify these heterogeneities to complement clinical decision-making for effective patient

stratification and tailored treatments.
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Chapter 1

Introduction

1.1 Epilepsy

Epilepsy is a debilitating brain disorder in which patients have unprovoked recurrent seizures.
There are approximately 60 million people worldwide with epilepsy, with an incidence rate
of 61.44 per 100,000 person-years (Fiest et al., 2016). Seizures in epilepsy can be either
focal or generalised. In focal seizures, the abnormal activity in the brain originates from a
well localised focus. These seizures can either remain localised to a few brain areas—focal
only—or they can spread bilaterally recruiting other brain areas—focal to bilateral tonic-
clonic seizures. In generalised seizures, the seizure focus is unclear, and the abnormal brain
activity, typically captured electrographically, are seen simultaneously across all recording
channels (Fisher et al., 2017).

The primary line of treatment for controlling seizures is seizure suppressing medications!.

With an appropriate regimen of up to three drugs, seizures remit in approximately 60-70%
patients (Brodie et al., 2012). If the seizures do not remit, the chances of a patient becoming
seizure-free, solely on pharmacotherapy, is unlikely (Brodie et al., 2012; Jobst and Cascino,
2015). These drug-resistant epilepsy patients can benefit significantly from more advanced
therapies such as epilepsy surgery or brain stimulation (Sheikh et al., 2020). To determine
the best treatment strategy, a neurologist should typically direct a drug-resistant epilepsy

patient to a specialised epilepsy centre for advanced diagnosis.

Thttps://www.nice.org.uk/guidance/cg137
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1.2 Brain imaging in epilepsy

Brain imaging is fundamental to the advanced diagnosis of epilepsy, especially when a patient
is under consideration for neurosurgical treatments (Duncan et al., 2016). High-quality brain
imaging can reveal atypical changes in the brain of epilepsy patients. The main objective
of these diagnoses is to delineate brain areas that are causing seizures. The goal is to plan
the best treatment pathway that controls seizures while minimising any neurological or
cognitive deficits to a patient. Therefore, an epilepsy-specific image acquisition protocol and
a multidisciplinary team are crucial to devising a potential treatment pathway (Bernasconi
et al., 2019; Wellmer et al., 2013).

Current clinical diagnoses involve multiple imaging modalities for capturing different aspects
of brain structure, function, and metabolism (Duncan et al., 2016). Structural abnormalities,
such as a lesion, dysplasia, or sclerosis, are mapped from a combination of T1-weighted MRI,
T2-weighted MRI, and FLAIR sequences. Functional abnormalities, such as interictal epilep-
tiform discharges and seizure activities, are detected from EEG-based methods like long-term
video-EEG telemetry, or invasive SEEG/ECoG recordings. Metabolic abnormalities, such as
hypometabolism or hyperperfusion of an injected tracer, are mapped for locating the seizure
focus using PET and SPECT imaging. Information from these imaging data is combined
with demographic, historical, and semiological data of a patient to identify the epileptogenic
tissue. These currently established clinical practices effectively remit chronic seizures in

approximately half of all the drug-resistant epilepsy patients (Tisi et al., 2011).

The need to improve these established diagnosis protocols is well recognised; therefore,
new modalities are increasingly being adopted (Zijlmans et al., 2019). Many specialised
epilepsy centres often complement the EEG-based methods with fMRI and MEG imaging.
fMRI and MEG are whole-brain non-invasive modalities that can provide a high spatial
resolution to capture the functional changes (Englot et al., 2015, 2020). Another promising
imaging modality which is beginning to emerge of a high clinical value is the diffusion-
weighted MRI. Diffusion MRI is the only non-invasive imaging modality that can map the
white-matter structure. Some specialised centres have incorporated diffusion MRI to guide
surgery, specifically to avoid surgical damage to white matter connections during tumour
resection and prevent postoperative neurological deficits after epilepsy surgery (Winston
et al., 2014).
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Each neuroimaging modality captures some aspect of brain spatial and temporal activity;
when these individual aspects integrate, we can reconstruct and understand the underlying
pathological phenomenon. Clinically, it is desirable to have a concordance between different
modalities; discordant findings between imaging modalities suggest further investigation and
careful consideration of the treatment pathway (Duncan et al., 2016; Zijlmans et al., 2019).
Therefore, there is an ongoing paradigm shift towards multimodal integration of different
imaging data, preferably in a common stereotactic space, for planning treatment and better

estimating its risk-benefit ratio.

1.3 Treatment gaps and clinical needs

The current clinical practices for advanced diagnosis and treatment of epilepsy bring con-
siderable improvement in seizure control, quality of life, and overall functioning in patients
compared to those continuing on intensive pharmacotherapy (Sheikh et al., 2020). Despite
the benefits, the risk of misdiagnosis and uncertainty about the patient’s response to treat-
ment—medication, surgery, or neurostimulation—are high (Jehi, 2020; Mithani et al., 2019;
Vakharia et al., 2018). We highlight three critical treatment gaps and challenges encountered

by the current neurological practice in delivering better care for epilepsy patients.

First, the heterogeneity between patients presents as a significant treatment challenge. In-
dividual patients are heterogeneous in their history, demography, seizure semiology, and
biology. Depending on the disease severity and progression, each patient needs a treatment
tailored to them. There is a clinical need to quantify where a patient falls on the disease spec-
trum. Several studies have shown that we can address heterogeneity by applying quantitative
neuroimaging methods and formal approaches to combine multivariate data, thus stratifying
patient on the disease spectrum and minimising misdiagnosis (Marquand et al., 2016; Morgan
et al., 2017; Taylor et al., 2018). While these methods can reconcile heterogeneity, it is also
essential to strike the right balance in recruiting patients from a homogeneous disease cohort.
Specifically, accounting for patient-specific heterogeneity in a homogenous cohort can be

hugely beneficial in elucidating pathological disease-specific mechanisms.

Second, the exact mechanisms of epileptogenesis and ictogenesis are unclear. Mechanisms
underlying epileptogenesis would inform about the development of epilepsy; thus enabling
treatments to prevent epilepsy in those at risk. Mechanisms underlying ictogenesis would

inform about the development of seizures; thus allowing seizure prediction and treatments for
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suppressing its manifestation. A general understanding suggests that loss of balance between
excitation and inhibition causes epilepsy (Scharfman, 2007). However, our current knowledge
does not suffice to develop targeted treatments. Limited therapies exist for patients whose
surgery on cortical tissues producing seizures is prohibitive due to neurological complications
or due to age. There is a clinical need to understand the pathophysiology of epileptogenesis
and ictogenesis to develop targeted interventions (Pitkdnen and Engel, 2014; Pitkénen et al.,
2016).

Third, after any intervention, neuroplasticity mechanisms reorganise the brain, thus increasing
the uncertainties about a patient’s response to treatment. For example, the chances of brain
network reorganisation after therapy in paediatric patients is higher than adult patients.
Predicting how a patient would respond to treatment and suggesting alternative treatment
strategies can complement the clinical decision making about which treatment to choose,
and which patient to follow-up more closely. Thus, there is a clinical need to identify the
biomarkers of treatment response that can enable more accurate computation of a planned
intervention’s risk-benefit ratio (Bell et al., 2017; Jehi et al., 2015; Lariviere et al., 2020a;
Silva et al., 2020b).

The treatment gaps highlighted above represent the new frontiers of knowledge discovery for
advancing medical practices in epilepsy. Indeed, other treatment gaps, for example, making
epilepsy therapy accessible to every patient in need in a resource-constrained setting, is a

significant challenge but those studies are beyond the scope of this thesis.

1.4 Epilepsy as a network disease

Network neuroscience has transformed our conceptualisation of the brain as a network. Brain
networks that we discuss here are mainly of two types: structural network and functional
network. Nodes and edges constitute a network; each node represents a brain region, and
the edge represents the connectivity between brain regions. In a structural network, the
connectivity characterises a physical/anatomical connection, e.g. white matter fasciculi. In
a functional network, the connectivity represents a node’s statistical activity over time. By
conceptualising the brain as a network, we can study its topology quantitatively by applying
graph theory to elucidate how different regions in the brain interact with each other (Bassett
and Sporns, 2017; Deleo et al., 2018).
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Several studies applied quantitative approaches on brain network of epilepsy patients showing
that epilepsy is a disorder of abnormal brain network. For patients with intractable focal
epilepsy, alterations to structural and functional connectivity predicted surgical outcome
(Bonilha et al., 2015; Englot et al., 2015; Keller et al., 2016; Morgan et al., 2017). Similarly,
for patients with generalised epilepsy, typically MRI negative, altered network topology in
structural and functional brain network are widely reported (Hatton et al., 2020; Lariviere
et al., 2020b; Liao et al., 2013; Zhang et al., 2011). These advancements are fundamentally
changing the concept of pre-surgical evaluation in epilepsy. The current clinical approach to
identify a localised epileptogenic tissue is rapidly shifting towards identifying an epileptic
network fused within the healthy brain tissue and network (Zijlmans et al., 2019). It is
highly plausible that the seizure onset zone is a part of an extended epileptic network.
Incomplete removal of this epileptic network might result in a secondary seizure onset zone
formation leading to seizure recurrence (Englot et al., 2015; Keller et al., 2016; Morgan et al.,
2017; Sinha et al., 2020). Conversely, manipulating this epileptic network at crucial nodes
and edges, even distant from seizure focus, can potentially remit seizures. For example,
neuromodulatory therapies such as deep brain stimulation of thalamic structures or vagus
nerve stimulation do not mainly target the seizure onset zone; however, they can still control
seizures by at least 50% in nearly three-fourth of patients (Englot et al., 2016; Li and
Cook, 2018). Therefore, apart from detecting regional abnormalities from routine brain
imaging modalities, quantifying brain network abnormalities is likely to be of significant

complementary value in identifying epileptic networks (Bonilha et al., 2013, 2015).

Static network representations of the brain are useful, but not sufficient to explain the dynamic
mechanisms of epilepsy completely (Jirsa et al., 2014; Smith and Schevon, 2016). Epilepsy
is a dynamic disease; the time-dependent phenomena at different time-scales like neuronal
firing (ms), sleep-wake cycles (hrs), affect seizure occurrences (Baud et al., 2018; Karoly
et al., 2018; Kuhlmann et al., 2018). Computational models can provide deeper insights into
various dynamical features of seizures (Lytton, 2008). In focal epilepsy, dynamic models
described the seizure onset pattern based on the electrographic events of fast oscillations
and high-amplitude spikes (Wang et al., 2017). In generalised epilepsy, dynamic modelling
explained the underlying bifurcation mechanisms of spike-wave epileptic discharges (Taylor
et al., 2013a). However, the challenge is to take into account the evolving dynamics of this

disorder to develop effective treatment strategies.
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Fig. 1.1 Virtual brain models can predict surgical outcomes. Patient-specific functional
network data from non-seizure segments of ECoG recordings combined with a bistable
dynamical model quantified the seizure likelihood of underlying cortical tissues. Regions
with high seizure likelihood overlapped with actual surgeries in 87.5% of patients with a good
seizure outcome; panel (a) shows an example of a patient with a good surgical outcome. In
75% of patients where the model disagreed with the actual surgery, the patient had continued
seizures after surgery; panel (b) shows an example of a patient with a poor surgical outcome.
Panel (c) shows the overall discrimination between good and poor surgical outcomes with an
AUC of 84.4% (Sinha et al., 2016).

A significant step towards exploring effective treatment strategies in epilepsy is possible by
combining brain connectome with dynamical models (Jirsa et al., 2016; Proix et al., 2017).
These connectome models are patient-specific virtual brains that can provide a test-bed for
investigating the effect of planned treatment. We developed virtual brains from intracranial
ECoG data to predict seizure outcomes after focal epilepsy surgery in our recent work,
illustrated in Figure 1.1 (Sinha et al., 2016). We combined functional networks inferred
from non-seizure segments of ECoG recordings with a bistable dynamical model to simulate
seizures in the model. Through model simulations, we quantified the propensity of a brain
region to have seizures. We then performed surgeries in the model by taking out network
nodes and analysing if the model produced fewer seizures. By performing multiple virtual
surgeries in the model, we could not only predict the outcomes of a planned resection,
but we could also suggest alternative resection strategies to perturb the epileptic network.
Many other studies have applied similar quantitative approaches to identify treatment targets
and predict treatment outcomes in epilepsy (Goodfellow et al., 2016; Khambhati et al.,
2016; Kini et al., 2019; Proix et al., 2017; Shah et al., 2019b). These studies reassure our
understanding of epilepsy as a network disease and highlight the importance of developing

rigorous, standardised, quantitative methods to map epileptic networks.
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1.5 Summary and aims of this thesis

In this thesis, I studied epilepsy as a neurological disorder of abnormal brain network in which
seizures originate, spread, and terminate via patient-specific spatial and temporal pathways. |
believe that disrupting epileptic networks can enable effective seizure control; therefore, it is
crucial to map and understand these epileptic networks. The primary underlying hypothesis
of this thesis is that the brain network abnormalities could explain the variability in surgical

outcomes and seizure spread across patients.

I retrospectively tested my hypothesis on patients with drug-resistant focal epilepsy who
underwent temporal lobe surgery in Chapter 2. I mapped the whole-brain structural network
of patients and the network disruption caused by epilepsy surgery. My main objective was to
develop a quantitative measure of structural network abnormality and test if poor surgical
outcomes associated with higher network abnormalities. I aimed to create a predictive model
that would integrate routinely collected clinical data with the network abnormality metrics to

stratify patients based on their likelihood to have a persistent seizure after surgery.

I next studied secondary generalisation of focal seizures in Chapter 3. Focal to bilateral
tonic-clonic seizures signify the involvement of large brain areas and are associated with poor
seizure outcomes after surgery. In this chapter, my objective was to test if seizures spreading
to multiple brain areas are associated with higher and more widespread abnormalities. 1
aimed to develop rigorous statistical methods to map the aberrant subnetworks and highlight

a patient’s predisposition to secondary generalised seizures.

Finally, in Chapter 4 I studied patients with genetic generalised epilepsy (GGE) which are
typically deemed radiologically negative. My objective was to assess if localised abnormali-
ties are present in the white-matter fascicles in GGE. I applied quantitative neuroimaging
technique to detect localised abnormalities in the white-matter structure of patients with
mixed-syndrome GGE. I aimed to explain a potential mechanism of epileptogenesis in GGE

using a thalamocortical computer model of spike-wave seizures.

Overall, the findings of this thesis emphasise the importance of quantitative neuroimag-
ing methods to assess seizure spread and neurosurgical outcomes in epilepsy. My novel
approach of combining the epileptic network and its disruption by epilepsy surgery shed
new light on the pathophysiological mechanisms and paves the way towards individualised

treatments.






Chapter 2

Structural network abnormalities and

post-surgery seizure recurrence

The data in the following chapter is published in Neurology. Whilst minor adjustments to
that article have been made in order to be consistent with this thesis format, the background,

methods, results, and conclusions match those of the peer-reviewed article.

Nishant Sinha, Yujiang Wang, Nadia Silva, Anna Miserocchi, Andrew W. McEvoy, Jane
de Tisi, Sjoerd B. Vos, Gavin P. Winston, John S. Duncan, and Peter N. Taylor. "Structural
brain network abnormalities and the probability of seizure recurrence after epilepsy surgery."
Neurology 2021; 96:1-14, doi:10.1212/WNL.0000000000011315.
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2.1 Abstract

We assessed pre-operative structural brain networks and clinical characteristics of patients
with drug resistant temporal lobe epilepsy (TLE) to identify correlates of post-surgical seizure

recurrences.

We examined data from 51 TLE patients who underwent anterior temporal lobe resection
(ATLR) and 29 healthy controls. For each patient, using the pre-operative structural, diffusion,
and post-operative structural MRI, we generated two networks: ‘pre-surgery’ network and
‘surgically-spared’ network. Standardising these networks with respect to controls, we
determined the number of abnormal nodes before surgery and expected to be spared by
surgery. We incorporated these 2 abnormality measures and 13 commonly acquired clinical
data from each patient in a robust machine learning framework to estimate patient-specific

chances of seizures persisting after surgery.

Patients with more abnormal nodes had lower chance of complete seizure freedom at 1 year
and even if seizure-free at 1 year, were more likely to relapse within five years. The number
of abnormal nodes was greater and their locations more widespread in the surgically-spared
networks of poor outcome patients than in good outcome patients. We achieved 0.84 4+-0.06
AUC and 0.89 £ 0.09 specificity in predicting unsuccessful seizure outcomes (ILAE 3-5) as
opposed to complete seizure freedom (ILAE 1) at 1 year. Moreover, the model-predicted
likelihood of seizure relapse was significantly correlated with the grade of surgical outcome

at year-one and associated with relapses up-to five years post-surgery.

Node abnormality offers a personalised non-invasive marker, that can be combined with
clinical data, to better estimate the chances of seizure freedom at 1 year, and subsequent

relapse up to 5 years after ATLR.

2.2 Introduction

Epilepsy surgery is an effective treatment for bringing seizure remission in drug-resistant
focal epilepsies, however, it is underutilised (Langfitt and Wiebe, 2008; Vakharia et al., 2018;
Wiebe et al., 2001). One reason for the under-referral of patients is the reservations regarding
the uncertainty of its outcome (Haneef et al., 2010; Vakharia et al., 2018). In around 30-40%

of individuals, seizures continue despite surgery and the multidisciplinary team are unable
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to accurately predict this risk (Bell et al., 2017; Janszky et al., 2004; Spencer and Huh,
2008; Tisi et al., 2011; Téllez-Zenteno and Wiebe, 2008). Therefore, to better inform this
clinical decision making, there is a need to predict seizure outcomes both in the short-term,
and the likelihood of seizure relapse in the long-term (Cohen-Gadol et al., 2006; Tisi et al.,
2011).

The incomplete removal of a wider epileptogenic network is increasingly being recognised
as one of the reasons for continued seizures post-surgery (Richardson, 2012; Spencer, 2002).
Many studies, driven by the aforementioned hypothesis, have attempted predicting seizure
outcomes from pre-surgical data (Bell et al., 2017; Bonilha and Keller, 2015; Gleichgerrcht
et al., 2018; Goodfellow et al., 2016; Keller et al., 2016; Morgan et al., 2017; Munsell et al.,
2015; Proix et al., 2017; Sinha et al., 2016). Most studies, however, have investigated brain
networks without incorporating the knowledge of the planned/performed surgery into the
analysis. Naturally, the outcome of epilepsy surgery will depend not only on the pre-surgery
brain network, but also on how the surgery (i.e., its location and extent) will affect the brain
network (Taylor et al., 2018). Including surgical data allows the inference of a ‘surgically-
spared’ network — the subnetwork for which none of the connections are altered by surgery
and are therefore expected to remain after the surgery. Thus, the presence of epileptogenic
structures in the surgically-spared network, a likely cause for seizure recurrence, needs

investigation.

Studies employing quantitative imaging have consistently demonstrated that in TLE there
are structural abnormalities that involve brain structures beyond the hippocampus and the
temporal lobe (Bernasconi et al., 2003; Concha et al., 2012; Deleo et al., 2018; Keller and
Roberts, 2007; McDonald et al., 2008; Otte et al., 2012). Accumulating evidence suggests
that these abnormalities configure a network of abnormal structures that may be involved in
generation of seizures (Bernhardt et al., 2015; Bonilha et al., 2013; Bonilha and Keller, 2015;
Duncan et al., 2016; Zijlmans et al., 2019). Indeed, the pathophysiological mechanisms
associated with epileptogenesis have a strong basis in aberrant neural connectivity (Besson
etal., 2017; Sinha et al., 2019). Therefore, quantifying the abnormalities before, and expected

to remain after, surgery may inform postoperative seizure outcome.

The main goal of our study was to understand how structural network abnormalities relate
to seizure outcomes after temporal lobe epilepsy surgery. We investigated the abnormality

of the ‘surgically-spared’ networks because, at a conceptual level, post-operative outcomes
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will likely be determined by what remains post-surgery. Our study addresses three main
questions: a) do patients with more abnormalities in the surgically-spared network have
worse postoperative seizure outcomes? b) does surgery reduce node (region) abnormality
more in seizure-free patients than in not seizure-free patients? c) if the node abnormality
measure is to be used alongside common clinical variables of a patient, would it generalise to
make patient-specific predictions on the chances of seizure freedom after surgery? Our study
shows that the node abnormality in the surgically-spared network is an important measure
to be considered alongside other pre-surgical clinical factors to evaluate the risk of poorer

seizure outcomes in patients with refractory TLE.

2.3 Methods

2.3.1 Participants

We studied 51 patients who underwent unilateral anterior temporal lobe resection at National
Hospital of Neurology and Neurosurgery, London, United Kingdom. Patients were followed
up after surgery and classified according to the ILAE scale of seizure outcome at 12-month
intervals (Wieser et al., 2008). One year after the surgery, 34 patients were completely
seizure-free (ILAE 1), 8 patients continued to have auras only (ILAE 2), and 9 patients were
not seizure-free (ILAE 3-5). No patient had an outcome of ILAE 6.

ILAE surgical outcomes of seizure freedom were recorded annually at years 1 and 2 for all
51 patients, at year 3 for 45 patients, year 4 for 37 patients, and at year 5 for 31 patients. We
considered that a patient had a seizure relapse if, at any given year after year 1, the ILAE
outcome of the patient changed from ILAE 1-2 to ILAE 3-5. If the ILAE outcome of a patient
did not change to ILAE 3-5 and the follow-up duration was less than five years, it cannot
be ascertained if the patient would have relapsed upon a full five-year follow-up. Therefore,
beyond the known follow-up period, we did not include such patients in our analysis. Based
on this criterion, amongst the year 1 ILAE 1-2 patients, the number of patients that relapsed
(did not relapse) by the end of each subsequent years were: 3(39) by year 2; 8(29) by year 3;
11(21) by year 4; 13(14) by year 5.

Notably, seizure outcome and seizure relapse are two different measures. Seizure outcome at
year 1 categorised all 51 patients based on their ILAE score at one year after surgery. Seizure

relapse categorised only those patients who were initially free from disabling seizures i.e.,
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ILAE 1 or 2 but then later in 5 years had a seizure reoccurrence. In labelling seizure relapse,
we excluded the 9 patients who had seizure recurrence within one year after the surgery (i.e.,
ILAE 3-5 at year 1) to avoid any bias. The full patient details are provided online in Table S1
at https://doi.org/10.5061/dryad.vx0Ok6djnv and summarised in this thesis in Table 2.1.

Table 2.1 Demographic and clinical data of patients

Year 1 outcome™ ILAE 1 ILAE 2 ILAE 3-5 Statistics
Number of patients, n 34 8 9
Sex (male/female) 16/18 2/6 2/7 not significant

Age at onset (yrs, t+0c) 122+103 142+11.4 19+£12  p=0.04;d=0.64

Age at surgery (yrs, u+=0) 38+x11.9 38.6+10.3 46.5+10.2 not significant
Epilepsy duration (yrs, u +=0c) 25.8+158 243+173 27.5+7.3 not significant
Side (left/right) 22/12 3/5 5/4 not significant

Hippocampal sclerosis™, n(%) 24 (70.5%) 6 (75%) 5(55.5%) not significant
Number of AEDs (n, t +=06) 63+2.4 7.6+2.9 9.2+33 p=0.01;d=1.14
Preop MRI (nor./abr.)™ 5/29 1/7 2/7 not significant
Status epilepticus, n(%) 5 (15.7%) 0 (0%) 3(33.3%) not significant
History of FBTCS , n(%) 28 (82.3%) 6 (75%) 6 (66.7%)  not significant

Depression, n 8 5 2 not significant
Psychosis, n 2 0 0 not significant
Psychiatric disorders, n 8 3 4 not significant

**Relapsed by year 2, n(%) 0 (0%) 3(37.5%) 9 (100%)
Relapsed by year 3, n(%) 3 (8.8%) 5 (62.5%) 9 (100%)
Relapsed by year 4, n(%) 5 (14.7%) 6 (75%) 9 (100%)
Relapsed by year 5, n(%) 7 (20.6%) 6 (75%) 9 (100%)

Abbreviations: i mean; o standard deviation; n number of patients; AEDs anti-epileptic
drugs; yrs years

*Seizure outcome refers to the post-operative seizure outcome, measured on the ILAE scale
after surgery at year 1. ILAE 1 for complete seizure freedom at one year after surgery is
labelled as good outcome. ILAE 3-5 for continued seizure at one year after surgery is labelled
as poor outcome. ILAE 2 for no disabling seizures, only auras, at one-year after surgery is
categorised as a separate group between the spectrum of good and poor outcome.

**Seizure relapse is a binary measure to indicate if patients had a recurrence of seizures at
any time up-to five years after remaining seizure-free for at least one-year post surgery i.e., if
patients with ILAE 1-2 at year one changed to ILAE 3-5 during the five-year follow-up.
*Hippocampal sclerosis from MRI was determined by segmentation of hippocampus using
anatomical landmarks as described elsewhere (Winston et al., 2013a).

t+ Preoperative MRI was deemed abnormal radiologically in presence of hippocampal
sclerosis, cavernoma, lesion, cortical dysplasia, or dysembryoplastic neuroepithelial tumors,
whereas deemed radiologically normal for MRI negative patients.
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We also studied 29 healthy individuals, age and sex matched to patient group, with no
significant medical history of neurological or psychiatric problems. The study was approved
by the National Hospital for Neurology and Neurosurgery and the Institute of Neurology Joint
Research Ethics Committee, and written informed consent was obtained from all subjects.
Data were analysed in this study under the approval of the Newcastle University Ethics

Committee (reference number 1804/2020).

2.3.2 MRI acquisition, data processing, and surgery network

For each participant, T1-weighted structural (sSMRI) and diffusion-weighted (AMRI) data
were acquired before surgery. Within one year of surgery, T1-weighted sMRI data was
acquired again for patients. As in our previous study (Taylor et al., 2018), we used the
postoperative SMRI to manually draw the resection mask in preoperative SMRI space, hence,
delineating the resected tissue. We parcellated preoperative T1 image in 114 cortical and
subcortical regions of interest (ROIs) derived from the predefined Geodesic Information Flow
atlas and separately in 82 ROIs using the Freesurfer Desikan-Killiany atlas in the native space
of each participant. Along with streamlines inferred using dMRI tractography, and regions
inferred using parcellation, we incorporated the information of resected tissue to infer two
networks: pre-surgery network and surgically-spared network. The pre-surgery streamline
network is the whole-brain network depicting the number of streamlines connecting prede-
fined parcellated ROIs. The surgically-spared network is a subnetwork of the pre-surgery
network which is inferred after removing the streamlines that intersected the resection mask.
By definition, surgery can only cause an immediate reduction in the number of streamlines.
Therefore, we specified that the surgically-spared network contains only those network edges
which are not expected to change in streamline count following surgery (i.e., edges where
their streamlines do not pass through/into the resection cavity). The overall concepts are
illustrated in Figure 2.1. Detailed imaging protocols and data processing pipeline to infer

these networks are described fully in Appendix A.1.
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a) sMRI pre-surgery b) dMRI pre-surgery c) sMRI post-surgery
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Fig. 2.1 Estimating patient-specific surgery network. Preoperative T1 weighted MRI of
an example patient in panel a) and postoperative T1 weighted MRI in panel ¢) were used to
delineate the tissue resected by surgery. The resected tissue shown by the red resection mask
in panel b) was used with the preoperative diffusion MRI to infer brain networks. Pre-surgery
network inferred based on the number of streamlines connecting different ROIs in panel d)
ignores the surgery information by not taking the resection mask into consideration. The
patient-specific surgery network is illustrated in panel e) which shows the connections that
were affected by the surgery. Panel f) shows the surgically-spared network.

2.3.3 Node abnormality computation

We computed node abnormality on networks based on the mean generalised fractional
anisotropy (gFA) property of dMRI streamlines (Tuch, 2004). The pre-surgery networks
were standardised patient-specifically against controls as follows: for each connection present
between ROIs 1 and j in a patient, the connection distribution was obtained from the equivalent
connection between ROIs i and j from the control networks. The z-score for that connection
was calculated as the number of standard deviations away from the mean, where the standard
deviation and mean were obtained from the control distribution. Networks inferred from
deterministic tractography are sparse, so we z-scored only those connections in patients for
which an equivalent connection existed in at least 10 (= 35%) controls (Reus and Heuvel,
2013). This is depicted in Figure 2.2a.
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Fig. 2.2 Overall pipeline. Pre-surgical gFA network architecture for each patient in panel
a) is inferred and connections between ROIs are standardised against a control distribution

(illustrated for an example connection in the right of panel (a)) to obtain a z-score transformed
network in panel b). (continued...)
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Fig. 2.2 (...continued) The connections affected by the surgery shown in surgery network
in panel ¢) are removed to obtain surgically-spared network in panel d). Panel e) shows the
concept of node abnormality for two example nodes. By normalising the number of abnormal
links to a node with its degree, the heterogeneity in the degree of network nodes is accounted
for. A high degree node can be less abnormal compared to a low degree node depending on
the number of abnormal connections. f) Different thresholds required for the computation
of node abnormality are shown for surgically-spared network (blue panel front) and the
pre-surgery network (orange panel back). z-score at which a link is considered abnormal is
on the y-axis and the cut-off at which a node is considered abnormal is shown on the x-axis.
g-h) Abnormality load in pre-surgery and surgically-spared networks are incorporated in a
machine learning classifier along with the clinical predictors to predict seizure outcomes at
year 1 both in terms of binary seizure-free (plus in green) vs. not seizure-free (minus in red)
outcome as well as in terms of the probability with which each patient was classified as not
seizure-free. These probabilities correlated with severity of seizure outcome (i.e. ILAE class)
at year-one and associated with the seizure relapse in 5 years. We termed these probabilities
as predicted seizure relapse likelihood.

After obtaining the pre-surgery z-scored gFA network, we removed the connections present
in the surgery-affected network to obtain the surgically-spared z-transformed gFA network.
High Izl indicates high deviation from normality. Thus, the pre-surgery network maps the
abnormal links present before the surgery and surgically-spared network maps the abnormal
links that would remain unaffected immediately after the surgery. This is illustrated in Figure
2.2b-d.

To study how different regions (nodes) are affected in these networks, we computed node
abnormalities (Figure 2.2¢) in the pre-surgery and surgically-spared networks by counting
the number of abnormal links to each node. We normalised the number of abnormal links
to a node by its degree in the pre-surgical network, thus expressing node abnormality in

percentage terms.

Quantification of node abnormality load raises two questions: first, what is the definition
of an abnormal connection? second, when is a node considered abnormal? The former is
essential for the application of a threshold on the abnormality network to count the number
of abnormal links at each node. For the latter, another threshold is needed to define beyond
what percentage level a node should be considered abnormal. We therefore varied the z-score
threshold from 2.1 to 4.5 in increments of 0.1 and the percentage abnormality threshold from
1% to 50% in increments of 1%. At each point on this two-dimensional grid, we computed

how many nodes were abnormal in pre-surgery and surgically-spared networks. We term this
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the “abnormality load”—the total number of abnormal nodes identified at any given pair of
thresholds. This is illustrated in Figure 2.2f for six example threshold pairs. Finally, having
quantified the abnormality load for each patient, we assessed its discriminatory ability in

predicting seizure outcome at year 1 and seizure relapse in 5 years.

2.3.4 Quantifying the change in abnormality load after ATLR

To investigate the effect of surgical treatment on reduction of abnormalities, we compared
the difference in abnormality load between pre-surgery and surgically-spared networks.
The ROIs in the left and right hemispheres of patients were expressed as ipsilateral or
contralateral to surgery. Then, we categorised each ROI into 6 ipsilateral and 6 contralateral
areas i.e., temporal, subcortical, parietal, occipital, frontal, and cingulate cortices. In each
area, we determined the number of abnormal nodes in the pre-surgery and surgically-spared
networks patient-specifically. Then, we averaged the number of abnormal nodes in each area
for seizure-free (ILAE 1) and not seizure-free (ILAE 3-5) groups of patients. Finally, by
computing the proportion of abnormal nodes in every area (i.e., ratio of mean abnormal ROIs
to the total number of ROIs in each area) for the pre-surgery and surgically-spared network,

we noted the change due to the surgery in all patients.

2.3.5 Predictive model design for generalisability assessment

To predict the patient-specific probability of seizure relapse based on preoperative clinical
data (in Table 2.1), pre-surgical, and surgically-spared node abnormality, we applied support
vector machine (SVM) learning algorithm (Guyon et al., 2002; Platt, 1999). The outcome
values for SVMs were the seizure outcome at year 1; ILAE 1 labelled as seizure-free outcome
and ILAE 3-5 labelled as not seizure-free outcome. We incorporated a linear kernel in SVM
because this enabled a direct interpretation of weights as relative feature importance. We
performed nested-cross-validation in which the data was split into three folds: training,
validation, and testing. During training, SVM learned from the data in the training fold
only; it did not see any data in validation or test fold. Node abnormality measures were
computed afresh for each patient in the training fold and the most discriminatory (highest
AUC) threshold pairs across patients in the training fold were noted. A trained SVM learned
to weigh the 15 preoperative attributes in the order of their relative importance to maximise

the training accuracy. We avoided overfitting, by incorporating a regularisation parameter in
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SVM. The regularisation parameter was optimised on the validation fold, after which the
SVM was tested for generalisability on the unseen data in the test fold. This is akin to a new
incoming patient (pseudo-prospective), whereby the learning algorithm has been trained and

optimised on existing/past patient records.

During the training phase the SVM draws a linear hyperplane to separate patients who
were seizure-free (ILAE 1) from those who were not seizure-free (ILAE 3-5) at year 1.
The features of the test patient are then tested on this hyperplane and depending on how
confidently the SVM places this patient in the not seizure-free group, a probability is assigned.
We refer to these probabilities as the likelihood of seizure relapse because a high probability
indicates a predicted propensity towards a not seizure-free outcome. By implementing
leave-one-out scheme, we measured a) the net generalisability of the learning algorithm
(quantified by AUC, accuracy, sensitivity, and specificity), b) how correlated are the predicted
probabilities of seizure relapse with severity of seizure outcomes (i.e., ILAE class at 1-year),
and c) the association between actual relapse in 5 years and the predicted probabilities of

seizure relapse.

Ranking features indicated metrics that were important for prediction performance as opposed
to those that may be confounding. Therefore, to identify the combination of most informative
features, we removed the least informative feature and repeated the above process until a
single feature remained (Fagerholm et al., 2015; Guyon et al., 2002). More details on data

splits and nested-cross-validation are provided in Appendix A.2.

2.3.6 Statistical analysis

To investigate if a greater number of abnormal nodes are associated with not seizure-free
(ILAE 3-5) outcomes, we applied non-parametric Wilcoxon rank-sum test. One-tailed p value
was computed using ranksum function in MATLAB incorporating the exact method. Results
are declared significant for p<0.05. We further applied Benjamini-Hochberg false discovery
rate correction (Benjamini and Hochberg, 1995) at a significance level of 5%. Effect size
between groups was computed using Cohen’s d score, and the correlation coefficients between
likelihood of seizure relapse and the severity of seizure outcome were determined using
Spearman’s rank-order. We computed 95% bootstrap confidence intervals of effect size,
AUC, and median using a bias-corrected and accelerated percentile method from 10000

bootstrap resamples with replacement.



20 Structural network abnormalities and post-surgery seizure recurrence

2.3.7 Data availability

To enable reproducibility, we have made available all the anonymised pre-surgery and
surgically-spared brain networks of 51 patients, networks of 29 controls, codes for node
abnormality computations, and all the trained machine learning models on the data presented
at https://doi.org/10.5061/dryad.vx0k6djnv (in press).
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2.4 Results

The results are organised in three parts. First, we assessed if patients with greater number of
abnormal nodes (i.e., a higher abnormality load) are predisposed to ILAE 3-5 (poorer) seizure
outcome after surgery. Outcomes are initially measured at 12 months and then at later years.
Second, we investigated the effect of surgery in reducing the node abnormality load between
the seizure-free and not seizure-free groups. Third, we determined the generalisability of
node abnormality measure, if it is to be incorporated in a clinical setting alongside other

clinical attributes, to estimate the chances of seizure recurrence for new patients.

2.4.1 Abnormality load corresponds with year 1 surgical outcome and

later year seizure relapse

We investigated the abnormality load in surgically-spared and pre-surgical networks. Figure
2.3(a-d) illustrates abnormal nodes in the surgically-spared networks for four patients. The
patients in panels (a) and (b) were seizure-free (ILAE 1) and having auras (ILAE 2) respec-
tively at one-year after surgery and did not relapse subsequently; they had a relatively low
node abnormality load. The patient in panel (c¢) initially had auras only (ILAE 2) at one-year
post-surgery but later relapsed; this patient showed a higher abnormality load. The patient in
panel (d), with the highest abnormality load, had the worst surgical outcome of ILAE 5 at
one year, which persisted upon follow-up. In these four cases a greater abnormality load was

associated with worse outcomes at year 1, and seizure relapse at later years.

Figure 2.3(e) shows the node abnormality load in surgically-spared network for the entire
patient cohort. Patients who were not seizure-free (ILAE 3+) at one-year post surgery, had a
significantly higher abnormality load than patients who were seizure-free (p = 0.005,d =
1.11 [95%CI 0.42, 2.2] between ILAE 1 and ILAE 3-5 and p = 0.01,d = 0.61 [95%CI1 -0.92,
2.05] between ILAE 2 and ILAE 3-5). Here, we chose to analyse ILAE 2 as a separate group
because clinical data (Table 2.1, S1) suggests that these patients, albeit free from disabling
seizures at year-one, have a greater propensity to relapse in later years (Fairclough et al.,
2017). Studying only the subset of patients who were initially seizure-free (i.e. ILAE 1, 2) at
1 year (Figure 2.3f-g), patients who relapsed had a higher abnormality load than the patients
who did not relapse (p = 0.04;d = 0.77 [95%CI -0.01, 1.31]).
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Fig. 2.3 Association between the number of abnormal nodes in surgically-spared net-
work with year-one surgical outcome and relapse. a-d) Four patients are shown with their
year-one surgical outcome and relapse information. Panel a) and b) show lower abnormality
load in patients with ILAE 1 and ILAE 2 outcomes respectively with no relapse. Panel ¢)
shows a patient with many abnormal nodes remaining yet having an ILAE 2 outcome at year-
one but relapsing subsequently. Panel d) shows a large number of abnormal nodes remaining
in a patient who was never seizure-free in five years. e) Significantly more abnormal nodes
remained in ILAE 3+ patients compared to ILAE 1 and ILAE 2. Statistical estimates: 1LAE1
(n = 34) median 6 [95%CI 5, 7.5]; ILAE2 (n = 8) median 3 [95%CI 2, 5.5]; ILAE3+ median
8 [95%CI 5, 10]; p(ILAE1 vs ILAE3+) = 0.005; dILAE1 vs ILAE3+) = 1.11 [95%CI1 0.42,
2.2]; p(ILAE2 vs ILAE3+) = 0.01; dILAE2 vs ILAE3+) = 0.61 [95%CI -0.92, 2.04]. f)
Alluvial flow diagram showing proportion of relapsed patients with ILAE 1 or ILAE 2 at
year-one. g) In ILAE 1-2 patients, those who relapsed had significantly more abnormal
nodes in the surgically-spared network. Statistical estimates: no relapse (n = 14) median 4.5
[95%CI 4, 6]; relapse (n = 13) median 8 [95%CI 5, 15]; p = 0.04;d = 0.77 [95%C1 -0.01,
1.31]).
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Node abnormality in Figure 2.3, computed from the surgically-spared network, was defined
as the nodes with at least 10% of abnormal (z>2.8) connections. At this choice of thresholds,
the discrimination (AUC) between the seizure-free and not seizure-free group was the
highest. Comparable results are found for other threshold values (Appendix A.4), and with
an alternative network parcellation (Appendix A.7). Thus, the discriminatory ability of the
node abnormality load measure is consistent across the choice of threshold or the choice of

parcellation scheme.

We found similar results in the pre-surgery networks. ILAE 3-5 patients had significantly
more abnormal nodes than ILAE 1 patients. However, the size of this effect was less pro-
nounced than in the surgically-spared networks, with relatively poorer discriminatory ability
(p=0.03;d =0.78 [95%CI 0.04, 2.1]) (see, Appendix A.4, A.5). Therefore, our findings
suggest that the surgically-spared network, which is the surgically informed subnetwork
of the pre-surgery network, is more discriminatory in identifying seizure-free from not

seizure-free patients.

2.4.2 Surgery-related effect on reducing abnormality load

How much effect does surgery have on reducing the abnormality load? We investigated
the differences between the surgically-spared, and pre-surgery networks in terms of their
abnormality load, and whether the projected change in abnormality load due to surgery was
greater and more widespread in one outcome group compared to another. The proportion
of abnormal nodes in different brain areas for ILAE 1 (seizure-free) and ILAE 3-6 (not
seizure-free) groups are shown in Figure 2.4, with the intermediate ILAE 2 patients shown in
Appendix A.8.

In terms of the spatial extent of surgery, the expected reduction in the proportion of abnormal
nodes was more widespread in the seizure-free group than in the not seizure-free group. The
ILAE 1 group had a significant drop in the proportion of abnormal nodes in the surgically-
spared network, compared to the pre-surgical network, in four ipsilateral areas: temporal,
subcortical, occipital, and frontal (Figure 2.4a-b). In ILAE 3-5 group, however, the drop in the
proportion of abnormal nodes was not significant in any of the ipsilateral or contralateral areas
(Figure 2.4c-d). Similar surgery related effect was found for node abnormality computed at
different threshold values Appendix A.6.
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Fig. 2.4 Effect of surgery in reducing node abnormality is more widespread in the
seizure-free group at year-one. a) Proportion of abnormal nodes computed for pre-surgery
and surgically-spared networks are colour coded for six ipsilateral and contralateral brain
areas in the seizure-free (ILAE 1) group. b) Bar plot shows the drop in the proportion of
abnormal nodes in surgically-spared network compared to pre-surgery network. Error bars
represent the standard error of the proportion of abnormal nodes in each area. Significant
reductions in ipsilateral temporal (f = 3.19, mean 0.02 [95%CI 0.01, 0.04], p = 0.003),
ipsilateral subcortical (+ = 4.31, mean 0.04 [95%CI 0.02, 0.06], p < 0.001), ipsilateral
occipital (f = 2.94, mean 0.06 [95%CI 0.02, 0.11], p = 0.006), and ipsilateral frontal (t =
3.21, mean 0.03 [95%CI 0.01, 0.05], p = 0.002) areas are indicated in stars. ¢) Different
brain areas in pre-surgery and surgically-spared network are colour coded based on the
proportion of abnormal nodes in the not seizure-free group (ILAE 3+) d) Corresponding
bar plot shows the drop in the proportion of abnormal nodes in surgically-spared network
compared to pre-surgery network. None of the ipsilateral or contralateral areas showed a
significant reduction in the proportion of abnormal nodes.
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In terms of reduction in the amount of abnormality load, ILAE 1 patients had larger propor-
tional reductions than ILAE 3-5 patients (p = 0.01;d = 0.81 [95%C1 0.2, 1.4]), however,
their absolute reduction did not differ significantly (p = 0.14;d = 0.42 [95%CI -0.25, 0.84],
see Appendix A.8). Thus, we suggest that the temporal lobe epilepsy surgery causes a
greater and widespread reduction in abnormality load in the seizure-free group than in the

not seizure-free group.

2.4.3 Personalised prediction of 12-month seizure freedom addition-

ally suggests ILAE class and relapse at later years

We assessed the generalisability of the abnormality measure when used alongside other
clinical attributes to predict patient-specific chances of poorer outcomes. Implementing
nested-cross validation, we built machine learning models which classified new unseen (test)
patients as either belonging to ILAE 1 or ILAE 3-5 group at 12 months. Our rationale for
omitting ILAE 2 patients from the training phase of the model was that since they have a
propensity to develop such seizures in the later years, they therefore lie on a spectrum in
between the seizure-free and the not seizure-free group. The model also scored each patient
with a probability of belonging to either of the classes. Notably, the models were blind to
three aspects of the data (a) all ILAE 2 patients, (b) ILAE classification 3, 4, 5 (the model

simply sees these as ‘poor outcome’), and (c) outcomes at later years.

We incorporated up to 15 features in the model: 13 clinical attributes, pre-surgical abnor-
mality load, and surgically-spared abnormality load. These features describe the presurgical
attributes of patients and we evaluated them based on their combined ability in accurately
predicting surgical outcomes at one-year. However, some features may be less informative
than others in predicting surgical outcomes; including less informative features causes a drop
in the prediction performance. Therefore, by implementing stepwise removal of less infor-
mative features, we obtained combinations of preoperative features that identified patients
with poor seizure outcome at one-year after surgery in 100% cases (i.e., specificity). The
area under the ROC curve (AUC) at every step of feature elimination is plotted in Figure
2.5(a) and magnified at one example point (marked with a star) in Figure 2.5(b) with the
corresponding confusion matrix shown in the inset. Average prediction performance across
all stepwise feature removals was robust at: AUC= 0.84 +0.07, accuracy= 0.79 £ 0.05,
specificity= 0.89 + 0.09, sensitivity= 0.77 - 0.06.
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Fig. 2.5 Prediction of seizure outcomes at year-one. a) AUC of SVMs that predicted
seizure-free (ILAE 1) and not seizure-free (ILAE3+) outcomes at one year after surgery
are plotted in black with 95% CI shaded. Blinded to the exact ILAE categories, the model
predicted 12-month likelihood of seizure relapse for each patient. The Spearman’s rank
correlation between likelihood of seizure relapse and the severity of surgical outcomes (ILAE
class) at year-one are plotted in green with 95% CI shaded. The lower panel of a) shows
the relative feature importance of each SVM on a normalised scale between O and 1. The
leftmost SVM, plotted at x = 1, incorporated all 15 features (13 clinical, node abnormality
in pre-surgery and surgically-spared networks) to predict seizure-free (ILAE 1) and not
seizure-free (ILAE3+) outcomes at one year after surgery. Amongst all features, the relative
importance of surgically-spared node abnormality was the highest whereas the relative
importance of MRI abnormality was the least. Therefore, in the next iteration at x = 2, a new
SVM was retrained using the 14 features, after removing the MRI abnormality feature. This
stepwise removal of metrics was continued until only a single metric (surgically-spared node
abnormality) remained. b) ROC curve is plotted at an example combination of features that
yielded highest classification performance (AUC=0.91 [95%CI 0.77, 0.97], specificity=1,
sensitivity=0.79, accuracy=0.84). ¢) At the same example point, the correlation (Spearman’s
rho=0.70 [95%CI1 0.25, 0.93], p < 0.001) between the predicted likelihood of seizure relapse
and the severity of seizure outcome at year 1 is shown. The predicted likelihood of seizure
relapse was significantly different (p = 0.003,d = 0.96 [95%CI -0.29, 2.1]) between ILAE 2
(n =8, median 0.35 [95%CI1 0.17, 0.43]) and ILAE 3-5 patients combined (n = 9, median
0.48 [95%C1 0.44, 0.61]).
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The lower panel in Figure 2.5(a) maps feature importance after each iteration of feature
removal. The node abnormality in the surgically-spared network stood out as the most
informative feature; it was more than 1.5 standard deviations away from the next most
important features: age at surgery, and number of AEDs taken before surgery. Thus, including
the abnormality measures to characterise pre-surgical attributes of intractable TLE patients
led to a high and robust classification performance in predicting surgical outcomes at one-year

after surgery.

We next analysed the scores/probabilities assigned by the model to each patient to have a not
seizure-free surgical outcome. Larger probabilities indicated a greater predicted likelihood
of postoperative seizure at year 1 (i.e., the ILAE 3+ group). Since the model was trained
only on binary ILAE 1 and ILAE 3-5 outcomes it was blind to the spectrum of ILAE class
data. We found that despite being blinded to such information, the predicted likelihood
of seizure relapse was positively correlated with ILAE surgical outcome scale at year-one
(Figure 2.5¢). This positive association is consistent, even for the model trained using only
the surgically-spared node abnormality feature (Figure 5a). Spearman’s rho values are plotted
at each step-wise removal of features in Figure 2.5(a) and magnified for an example point in
Figure 2.5(c). To confirm this result, we applied robust regression to obtain the regression
slope and tested the significance of the steepness of the regression slope using permutation
test (1000 permutations, p=0.004 in Appendix A.9. Therefore, our result shows that the
pre-surgical clinical profile of patients, when assessed along with the abnormality measures,
can inform about the ILAE class of seizure outcomes which a patient would expect after

surgery at 1 year.

How informative are the pre-surgical features in predicting seizure recurrences in the long-
term? We analysed this by checking the association between the predicted likelihood of
seizure relapse and the actual relapse data for patients who were seizure-free (ILAE 1,2) at
year one. Patients who were not seizure-free at year one (ILAE 3-5) were not included in the
relapse category. We found no association with seizure relapse when the pre-surgical features
of patients were characterized using a combination of clinical and network abnormality
measures (Appendix A.10). However, significant association with relapse was present at
year 3, 4, and 5 when the pre-surgical features of patients were characterized using only the
abnormality load in surgically-spared network (Figure 2.6). The mechanism of long-term

seizure recurrence may be different from short-term, and pre-surgical clinical attributes may
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be less informative. The association we found between abnormality load expected to be

present in a patient after surgery and seizure recurrence motivates more investigation.

d=0.87 d=0.79
p=0.05 p=0.02

nSR SR nSR SR nSR SR nSR SR Never
Year 2 Year3 Year4  Year5  Seizurefree
nSR: No Seizure Relapse SR: Seizure Relapse

Fig. 2.6 Predicted likelihood of seizure relapse at one-year was higher in patients who
had seizure relapse at later years. The predicted 12-month likelihood of seizure relapse
was estimated from the SVM model trained with only the surgically-spared node abnormality
feature. The likelihood of seizure relapse for patients who were never seizure-free (i.e. ILAE
3-5 at year 1) are shown in red. Amongst the patients who were initially seizure-free (i.e.,
ILAE 1 or ILAE 2 at year 1), higher likelihood of seizure relapse was predicted for those
who had a subsequent relapse. This is despite the model being blinded to the outcomes at
later years. Year 2 statistical estimates: no relapse (n = 39) median 0.10 [95%C1 0.08, 0.13];
relapse (n = 3) median 0.18 [95%CI 0, 0.66]; p = 0.20;d = 1.21 [95%CI -0.78, 9.08]. Year
3 statistical estimates: no relapse (n = 29) median 0.11 [95%CI 0.08, 0.13]; relapse (n = 8)
median 0.18 [95%CI1 0.05, 0.63]; p = 0.03;d = 1.24 [95%CI1 -0.19, 2.84]. Year 4 statistical
estimates: no relapse (n = 21) median 0.11 [95%CI 0.08, 0.13]; relapse (n = 11) median
0.18 [95%C1 0.05, 0.41]; p = 0.05;d = 0.87 [95%CI -0.16, 1.7]. Year 5 statistical estimates:
no relapse (n = 14) median 0.09 [95%CI 0.08, 0.13]; relapse (n = 13) median 0.18 [95%CI
0.11, 0.24]; p =0.02;d = 0.79 [95%CI1 0.12, 1.3].

In summary, we achieved excellent performance in predicting seizure outcomes at one year
when intractable TLE patients were assessed based on abnormality measures and clinical
attributes. This combined pre-surgical profiling of patient attributes was also informative
about the grades of seizure outcomes (ILAE class) at year one. Beyond the first year after
surgery, node abnormality in the surgically-spared networks suggested an increased risk
of seizure relapses in those patients who were initially free of disabling seizures at year

one.
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2.5 Discussion

We investigated the association of surgical outcomes and relapse with the abnormality load
computed in whole-brain pre-surgical network, and surgically-spared subnetwork. Patients
were more likely to have a poorer seizure outcome at one-year post surgery or a seizure
relapse in five years, if more abnormal nodes were present in the surgically-spared network.
Investigating the spatial effect of surgery on abnormality load, we found that the seizure-free
group of patients had a more widespread reduction of abnormal nodes. We found that the
abnormality load in pre-surgery and surgically-spared networks, combined with clinical
attributes of patients, generalised to predict not seizure-free outcome (between ILAE 1 and
ILAE 3+) at 12-month after surgery with 100% specificity and 0.91 AUC. With this combined
characterization of patient attributes, we predicted the likelihood of seizure relapse patient-
specifically which were correlated with the ILAE class, hence, informative of the seizure
outcome expected at 12 months after surgery. Finally, we showed that node abnormality
located in the surgically-spared networks may be a marker that identifies patients who were

initially seizure-free but would relapse after the first year of surgery and up to 5 years.

A recent study on a different dataset with different imaging protocols, investigated network
abnormality as a personalised predictor of surgical outcomes (Bonilha et al., 2015). In that
study, pre-surgery networks were constructed based on the number of streamlines connecting
different regions. Similar to our study, connections between ROIs were normalised (z-
transformed) against a control distribution. The similarity between our results suggest that:
a) normalised patient networks using a local control distribution may enable reproducibility,
comparison, and possibly grouping of patients between sites, and b) non-invasive personalised
network biomarkers for predicting the likelihood of specific post-surgery outcomes in TLE
are possible. We further showed the benefit of incorporating the information about the

location of surgery to predict the surgical outcome.

The current standard for individualised prediction of surgical outcome primarily relies on
clinical variables (Jehi et al., 2015). However, a recent review discussed discordant findings
between different studies; features found predictive of seizure outcome in some studies are
not predictive in others (Bonilha and Keller, 2015). Encouragingly, another study estimated
the probability of seizure freedom using combinations of up to 27 clinical variables on a
mixed cohort of TLE and ETLE patients (Bell et al., 2017). Our findings indicated that

combining clinical variables with brain connectome derived features such as: abnormality
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load in pre-surgery and surgically-spared networks, can improve prediction of surgical
outcomes in the short-term. Particularly for long-term predictions, the abnormalities in
the surgically-spared networks, which are expected to remain after surgery, may be a more
reliable measure because they associate with relapses. It is not surprising that long-term
seizure relapse is not specifically related to parameters predicting short-term outcome well,
because these two responses may have very different mechanisms. Short-term failure may be
caused by an incomplete resection at the time of surgery, while long term relapse may be
caused by changes in the networks over time after surgery, or the development of another
epileptogenic zone (Silva et al., 2020b). Hence, we propose to combine our node abnormality
measure with clinical variables in a large mixed-cohort patient (Bell et al., 2017) population,
to improve estimation of the probability of seizure freedom/relapse after surgery. We suggest
that investigating the abnormality load in the surgically-spared network in specific lobes may

reveal a stronger relationship to long-term seizure recurrence.

In combining multivariate data, machine learning techniques delineate, rank, and fit input
features of the training set to draw a decision boundary in a high dimensional space that
maximises prediction (Bonilha et al., 2015; Gleichgerrcht et al., 2018; Morgan et al., 2020;
Munsell et al., 2015; Taylor et al., 2018). While a binary classification of seizure-free and
not seizure-free outcomes at 12 months is important, predicting long-term trajectories of
seizure freedom is also crucial to inform clinical management decisions. In our study, the
classifier not only predicted the surgical outcome at one-year but also predicted the likelihood
of seizure relapse. This additional information may be clinically useful for advising patients
about their chances of poor outcome post-surgery beyond the first 12 months and represents

a key novelty of our work.

The outcome of epilepsy surgery will not just depend on the brain network before the surgery
but also on the location and extent of surgery (Ji et al., 2015; Taylor et al., 2018). Here,
we retrospectively included the information of surgery by drawing a resection mask and
inferring an expected surgically-spared network. We showed that this information improves
the prediction performance more so than just the pre-surgery networks which are naive to
surgical information. A limitation of our work is that we are only inferring the expected
postoperative network, rather than deriving it from postoperative dMRI data (Silva et al.,
2020b; Winston et al., 2013b). However, an analysis using actual postoperative dMRI data
would only have very limited value in terms of improving the pre-operative decision making,

since the outcome could only be seen after the surgery has been performed. In contrast,
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our approach can be used before the actual surgery to evaluate likelihood of success. A
prospective application would involve drawing a resection mask for an intended surgery on
sMRI of a patient acquired before surgery (Taylor et al., 2018). We envisage a software tool
where multiple standard operations or tailored resections could be drawn and their impact on
abnormality load compared. Such a tool could then be used to prospectively guide decision

making regarding personalised resection strategies.

With regard to the extent of surgical resection, it has been shown that the amount of tissue
resected does not necessarily relate to improved surgical outcome (Schramm, 2008). What is
included in the resection, however, may have a significant influence on outcome (Bonilha
et al., 2011; Siegel et al., 1990). The question arises: will a tailored resection, designed to
reduce the number of abnormal nodes, lead to a better outcome? While more investigations
are needed to confirm this hypothesis, we found that the seizure-free patient group had a
more widespread reduction of abnormality load due to surgery. Simulated computer models
may facilitate a more detailed analysis to investigate alternative surgical strategies in a

personalised manner (Sinha et al., 2016).

Our findings must be interpreted in the context of some caveats. Node abnormality may be
representative of a) network reorganisation in response to seizures, b) neurodegenerative
process due to seizures, c) structures facilitating seizures, or combinations of (a)-(c). In our
study we could not disentangle these aspects with respect to node abnormality. We did not
detect any significant correlation between clinical variables and node abnormalities. Though
our sample size is reasonably large (Bonilha et al., 2015; Gleichgerrcht et al., 2018; Keller
et al., 2016; Munsell et al., 2015), it is not of the size of typical epidemiological studies.
Neural architecture depends on several subject-specific factors including language dominance,
handedness, and other physiological variables. These relationships may further influence
the node abnormality measure. Thus, our results should motivate a larger study to test its
generalisability, ideally across multiple sites. Finally, we highlight, based on the pre-surgical,
surgically-spared networks, and clinical variables, the chances of at least one relapse in five-
years. However, the trajectory of seizure remission and relapse is more complicated. Patients
may have repeated remissions and relapses due to drug-effects, environmental factors, or

other causes.

In summary, we have shown evidence of node abnormality being an important non-invasive

marker of surgical outcome and its severity at year one post-surgery. Node abnormality may
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also be related with likelihood of seizure relapse in long-term. We demonstrate improvement
in prediction performance when including surgery information with the pre-surgery network
and clinical data. We believe this to be an important step towards complementing clinical
decision making on patient and surgery selection for intractable TLE as well as for patient

counselling regarding the risks of seizure severity expected after surgery.



Chapter 3

Structural network abnormalities and

focal to bilateral tonic-clonic seizures

The data in the following chapter is in press for publication in Epilepsia. Whilst minor
adjustments to that article have been made in order to be consistent with this thesis format, the

background, methods, results, and conclusions match those of the peer-reviewed article.

Nishant Sinha, Natalie Peternell, Gabrielle M. Schroeder, Jane de Tisi, Sjoerd B. Vos,
Gavin P. Winston, John S. Duncan, Yujiang Wang, and Peter N. Taylor "Focal to bilateral
tonic-clonic seizures are associated with widespread network abnormality in temporal lobe
epilepsy." Epilepsia 2021 62(3):729-741 doi:10.1111/epi.16819.
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3.1 Abstract

To identify if whole-brain structural network alterations in patients with temporal lobe
epilepsy (TLE) and focal to bilateral tonic-clonic seizures (FBTCS) differ from alterations in
patients without FBTCS.

We dichotomized a cohort of 83 drug-resistant patients with TLE into those with and without
FBTCS and compared each group to 29 healthy controls. For each subject, we used diffusion-
weighted MRI to construct whole-brain structural networks. First, we measured the extent of
alterations by performing FBTCS-negative (FBTCS-) versus control and FBTCS-positive
(FBTCS+) versus control comparisons, thereby delineating altered sub-networks of the
whole-brain structural network. Second, by standardising each patient’s networks using
control networks, we measured the subject-specific abnormality at every brain region in the
network, thereby quantifying the spatial localisation and the amount of abnormality in every

patient.

Both FBTCS+ and FBTCS- patient groups had altered sub-networks with reduced fractional
anisotropy (FA) and increased mean diffusivity (MD) compared to controls. The altered sub-
network in FBTCS+ patients was more widespread than in FBTCS- patients (441 connections
altered at > 3, p < 0.001 in FBTCS+ compared to 21 connections altered at # > 3, p = 0.01
in FBTCS-). Significantly greater abnormalities—aggregated over the entire brain network as
well as assessed at the resolution of individual brain areas—were present in FBTCS+ patients
(p <0.001,d =0.82 [95 % CI 0.32, 1.3]). In contrast, the fewer abnormalities present in

FBTCS- patients were mainly localised to the temporal and frontal areas.

The whole-brain structural network is altered to a greater and more widespread extent in
patients with TLE and focal to bilateral tonic-clonic seizures. We suggest that these abnormal
networks may serve as an underlying structural basis or consequence of the greater seizure
spread observed in FBTCS.

3.2 Introduction

Focal to bilateral tonic-clonic seizures (FBTCS) of temporal lobe origin rapidly propagate
to widespread brain areas, although with variable patient-specific propagation patterns and
clinical characteristics (Jobst et al., 2001; Yoo et al., 2014). FBTCS are the most severe
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form of epileptic seizures that predispose patients to high risk of sudden unexpected death in
epilepsy (SUDEP) and seizure-related injuries (Devinsky et al., 2016; Harden et al., 2017;
Lawn et al., 2004). FBTCS are an adverse prognostic factor for seizure freedom after
temporal lobe resection (Bell et al., 2017; Bone et al., 2012; Keller et al., 2015). It remains
unclear why temporal lobe seizures generalise in some patients but not in others (Hemery
et al., 2014; Shorvon et al., 2018). It is crucial to identify factors that make some patients

susceptible to FBTCS despite taking seizure suppressing medications.

Recognising the need to quantify patient susceptibility to FBTCS, some studies investigated
a range of clinical factors to differentiate patients with and without FBTCS (Baud et al.,
2015; Bone et al., 2012), showing positive association with the presence of hippocampal
sclerosis and negative association with ictal speech and pedal automatism (Bone et al., 2012).
Many studies have suggested that impairments in specific brain regions support FBTCS,
after finding disrupted structure and function in circuits mediated by thalamus and basal
ganglia (Blumenfeld et al., 2009; Caciagli et al., 2020; Chen et al., 2018; He et al., 2019,
2015; Keller et al., 2015; Peng and Hsin, 2017; Yang et al., 2017). It has also been suggested
that FBTCS have a different mechanism to primary generalised seizures, with more complex
patient-specific spread (Brodovskaya and Kapur, 2019; Dabrowska et al., 2019; Rektor
et al., 2009; Shorvon et al., 2018; Sinha et al., 2019; Wieshmann et al., 2015). There is
a need to investigate the full complexity of brain networks (Enatsu et al., 2012), beyond
the canonical thalamocortical pathways (Blumenfeld et al., 2009), to delineate networks
underlying FBTCS.

Patients with drug-resistant TLE are known to have structural abnormalities extending beyond
the hippocampus and temporal lobe, forming a network of epileptogenic brain structures
(Bonilha et al., 2013; Concha et al., 2012; Deleo et al., 2018; Otte et al., 2012). Greater
whole-brain structural network abnormalities predispose patients to persistent seizures after
TLE surgery (Bonilha et al., 2015; Sinha et al., 2020). These abnormalities may be associated
with the distributed nature of epileptic activity, the pathophysiology of seizure onset and
propagation, and the response to medical and surgical therapies (Bernhardt et al., 2015;
Sinha et al., 2016). There is a dearth of information on how whole-brain structural network

abnormalities differ between patients with and without FBTCS.

In this study, we investigated the abnormalities in the whole-brain structural network of TLE
patients with and without FBTCS. We hypothesised that those with FBTCS would have more
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widespread abnormalities of white-matter pathways and to test this, we mapped the spatial
arrangement of alterations in the whole-brain structural network of TLE patients with and
without FBTCS (Bonilha et al., 2015; Sinha et al., 2020; Zalesky et al., 2010). We show
that patients with localised spread of focal-onset seizures have localised alterations in brain
areas neighbouring seizure onset, whereas patients with FBTCS have marked widespread

abnormalities across the whole-brain.

3.3 Methods

3.3.1 Participants

We studied 83 patients with drug-resistant unilateral TLE who were undergoing pre-surgical
evaluation at the National Hospital of Neurology and Neurosurgery, London, United King-
dom, and 29 controls. The controls in this study were demographically matched and recruited
from the local population through advertisements. All controls were screened as per an
institute approved proforma to exclude medical history of neurological or psychiatric prob-
lems including drug/alcohol misuse. Clinical diagnosis of FBTCS was based on video-EEG
telemetry, EEG, and historical data. Sixty patients had a history of temporal lobe seizures
with FBTCS, and 23 patients did not. The three groups—TLE with FBTCS (FBTCS+),
TLE without FBTCS (FBTCS-), and controls—were not significantly different in terms of
age and gender. Patient details are provided online in Table S1 at doi:10.1111/ep1.16819.
and summarised in Table 3.1. Data were analysed in this study under the approval of the

Newcastle University Ethics Committee (reference number 1804/2020).

3.3.2 MRI acquisition and data processing

MRI data were acquired on a 3T GE Signa HDx scanner (General Electric, Waukesha,
Milwaukee, WI). Standard imaging gradients with a maximum strength of 40mTm ™! and

slew rate 1507m 15!

were used. All data were acquired using a body coil for transmis-
sion, and 8-channel phased array coil for reception. Standard clinical sequences were per-
formed including a coronal 3D T1-weighted volumetric acquisition (matrix, 256 x 256 x 170;
in-plane resolution, 0.9375 x 0.9375 mm with slice thickness 1.1 mm). For each partic-
ipant, diffusion-weighted magnetic resonance imaging (dMRI) data was acquired using

a cardiac-triggered single-shot spin-echo planar imaging sequence with echo time=73ms.
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Table 3.1 Demographic and clinical data of patients

FBTCS+ FBTCS- Controls  Significance

Patients (n) 60 23 29
Sox x> =0.03, p = 0.85 (FBTCS%)
24/36 8/15 12/17 x> =0.01,p =0.91 (FBTCS+C)
(Male/Female) %2 =0.03, p = 0.84 (FBTCS-C)
Age at dMRI prarCs+ = 0.20

388+ 123 353+£84 38.0+£12.0 prercs+c =0.70
PEBTCS-c = 0.67

152+11.1 16.1+£99 N/A p=0.51

(yrs, mean % std)

Age at onset
(yrs, mean % std)

Epilepsy duration 5 3, 145 204+124  NA  p=026
(yrs, mean * std)
Side 308 10/13 NA 22 =031,p=057
(Left/Right) o ’
HS, n(%) 36 (60%) 9 (39%) NA  x2*=2.14p=0.14
Surgical outcome g3, 12/11 N/A  x*=0.04,p=0.84

(SF/nSF)

Abbreviations: n number of patients; HS Hippocampal Sclerosis; yrs years. Surgical out-
comes are defined as seizure free (SF) or not seizure free (nSF) based on ILAE outcomes
recorded in two years after the surgery. Patients who remained ILAE 1 in both year 1 and
year 2 after surgery were deemed seizure free or else not seizure free.

Sets of 60 contiguous 2.4mm thick axial slices were obtained covering the whole brain,
with diffusion sensitizing gradients applied in each of 52 noncollinear directions (b-value
of 1200mm?*s~1, 8 = 21ms, A = 29ms using full gradient strength of 40mTm~") along with
6 non-diffusion weighted scans. The gradient directions were calculated and ordered as
described elsewhere Cook et al. (2007). The field of view was 24 x 24cm, and the acquisition
matrix size was 96 x 96, zero filled to 128 x 128 during reconstruction, giving a reconstructed
voxel size of 1.875 x 1.875 x 2.4mm. The diffusion MRI acquisition time for a total of 3480

image slices was approximately 25min (depending on subject heart rate).

Diffusion MRI data were first corrected for signal drift, then eddy current and movement
artefacts were corrected using the FSL eddy_correct tool (Vos et al., 2016). The b-vectors
were then rotated appropriately using the ‘fdt-rotate-bvecs’ tool as part of FSL. The diffusion
data for each subject was registered and reconstructed to the standard ICBM-152 space using
the g-space diffeomorphic reconstruction implemented in DSI studio (Yeh and Tseng, 2011).
DSI studio fitted a diffusion tensor imaging (DTI) model on the diffusion MRI data. DTI
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model assumes that the velocity of water diffusion follows a 3D Gaussian distribution, and
the tensor calculated is exactly the covariance matrix of the Gaussian. The reconstruction
performed eigen analysis on the calculated tensor and exported the fractional anisotropy (FA)

and mean diffusivity (MD) maps as implemented elsewhere (Jiang et al., 2006).

3.3.3 Construction of structural brain networks

For each participant, we constructed a structural brain network consisting of nodes and
connections between the nodes as described previously (Silva et al., 2020a). We defined
90 contiguous cortical and subcortical regions (nodes) from the AAL parcellation atlas
as the nodes of the network (Tzourio-Mazoyer et al., 2002). To identify the connectivity
between the nodes, we applied a whole-brain neuroanatomically-verified atlas of the structural
connectome comprising of 500,000 streamlines obtained from deterministic fibre tracking
(Yeh et al., 2018). Nodes i and j were connected if a streamline ended in them. We weighted
the connectivity across all streamlines that connect each pair of nodes by averaging the FA
and MD values from the diffusion tensor imaging measurements. Repeating this process for
each pair of nodes i and j resulted in two (FA and MD) weighted connectivity matrices of
size 90 x 90 per participant. The density of connections in the connectivity matrices across
all participants was constant, which is a desirable graph property for cross-sectional group
analysis (Wijk et al., 2010).

3.3.4 Network alterations assessed from network-based statistics

We applied network-based statistics (NBS) to compare the structural brain network connectiv-
ity of a) FBTCS+ patients vs controls, and b) FBTCS- patients vs controls. NBS is a widely
used statistical approach for comparing network connections in two groups that identifies

altered subnetworks (Zalesky et al., 2010).

In NBS analysis, we first used #-statistics to test each connection between nodes i and j of
the connectivity matrix between patients and controls, resulting in a z-score matrix. Second,
from the 7-score matrix, we obtained a binary matrix, identifying those connections that
showed a #-value higher than a set #-score threshold, and zeros otherwise. Third, from the
binary matrix, we identified the size of the largest connected component, a subnetwork
of nodes that showed alteration in patients. The size of the component is defined as the

number of connections in the subnetwork, which we refer to as the extent of alteration.
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Fourth, we employed permutation testing to determine if the size of altered subnetwork
identified in patients occurs by chance. In permutation testing, we randomly permuted the
group assignment of connectivity matrices between patients and controls 5000 times and
computed the size of the largest connected component to obtain a null distribution. We then
assigned a p-value to the observed altered component size by computing the percentage of
null-distribution that exceeded the size of the observed altered subnetwork in patients. Fifth,
we repeated the entire NBS analysis described above for t-score thresholds ranging from
0.05 to 5 in steps of 0.05 to quantitatively verify the consistency of our findings independent
of threshold choice.

3.3.5 Node alterations assessed from node abnormality

Node abnormality is a measure that identifies how the distribution of altered connections
in a network may impact the nodes that they connect. Building on the emerging concepts
of epilepsy being a disorder of abnormal nodes and networks (Bonilha et al., 2015; Sinha
et al., 2020), we premised that nodes with more abnormal connections, relative to their total
number of connections, are more likely to have altered function than a node with no or fewer
abnormal connections. Notably there are two aspects to our premise: a) identification of

abnormal connections, and b) identification of abnormal nodes.

First, we identified the abnormal connections in each subject. For every connection present
between node i and j in the structural network of a subject, we obtained a connection
distribution from the equivalent connection between node i and j of the control networks. We
calculated the z-score of that connection as the number of standard deviations away from
the mean, with the mean and standard deviation derived from the control distribution. For
control subjects, we held out each control, computed the mean and standard deviation of
each connection from the remaining controls, and computed the z-scores of the control’s
edges relative to these distributions. By repeating this process for every connection, we
standardised the FA weighted connectivity matrices against controls, obtaining a 90 x 90
z-score connectivity matrix per subject. From the z-score connectivity matrix of a subject,
we computed a binary matrix with ones for those connections that showed a z-value higher
than a set z-score threshold and zeros otherwise. The connections in this binary network
are the abnormal connections with a high z-score; we identified different levels of abnormal

connections by setting z-score threshold ranging from 1.5 to 3.5 in steps of 0.1.
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Second, we identified abnormal nodes. For each node of the structural connectivity matrix we
calculated node abnormality, defined as the ratio between the number of abnormal connections
to the total number of connections of the node. Specifically, we obtained the ratio between
the node degree of the binary network of abnormal connections derived above with the
node degree of the non-binarized z-score network. From the node abnormality measure,
we categorised each node as either normal or abnormal by applying a node abnormality
threshold ranging from 0.01 to 0.20 in steps of 0.01. Thus, the node abnormality threshold
identifies abnormal nodes by specifying the required proportion of abnormal connections in

a node to render it abnormal.

By counting the total number of abnormal nodes in the whole-brain network at each pair
of z-score and node abnormality thresholds, we derived the whole-brain abnormality load.
Likewise, for brain sub-networks connecting nodes within six brain areas—temporal (18
nodes), subcortical (14 nodes), frontal (26 nodes), parietal (14 nodes), occipital (12 nodes),
and cingulate (6 nodes)—we repeated the above analysis, determining the abnormality load

per brain area per subject.

Finally, we compared the abnormality between FBTCS+ patients vs controls and FBTCS-
patients vs controls at three spatial resolutions: a) at the gross resolution, the abnormality load
of the whole-brain networks; b) at the coarse resolution, the abnormality load of six brain
areas; and c) at the fine resolution, the node abnormality of individual abnormal nodes spread
throughout the brain. In comparing patients and controls, we treated the abnormality in
controls as the baseline measurement and applied estimation statistics to quantify abnormality
in patients above and beyond that in controls (Ho et al., 2019). At the fine resolution, we also
compared the node abnormality at each ROI directly between FBTCS+ and FBTCS- patient

groups.

3.3.6 Statistical analysis and data availability

We followed a case-control approach to evaluate if there are more alterations in structural
brain network of FBTCS+ patients compared to controls than FBTCS- patients compared
to controls. We assessed the alterations by applying network-based statistic and node

abnormality approaches.

Network-based statistic is a non-parametric method available as a MATLAB toolbox. Sta-

tistical tests performed within NBS analysis were a) one-tailed #-test to calculate #-score
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matrices, and b) one-tailed permutation test (5000 permutations) to assign p-value to the size
of the abnormal subnetwork. We set the significance level at 0.05 i.e., an altered subnetwork

in NBS was reported only when p < 0.05.

In the node abnormality analysis, we identified a z-score and node abnormality thresh-
old pair which was the most discriminatory (highest effect size) between FBTCS+ and
FBTCS- patients Appendix B. For statistical quantification, we first applied non-parametric
Kruskal-Wallis test to check the null hypothesis that abnormality load in control, FBTCS-,
and FBTCS+ originate from the same distribution. We then applied pair-wise estimation
statistics reporting Cohen’s d score and p-values from one-tailed non-parametric Wilcoxon
rank sum test. Estimation statistics uses a combination of effect sizes and confidence intervals
to analyse data and interpret results; they are considered more informative than null hypoth-
esis significance testing (Ho et al., 2019). We measured the effect size non-parametrically
by computing area under receiver operating characteristic curve (AUROC). We computed
95% bootstrap confidence intervals of Cohen’s d and AUROC using a bias-corrected and

accelerated percentile method from 5000 bootstrap resamples with replacement.

We have made available all the anonymised QSDR reconstructed brain networks of 83

patients and 29 controls included in this study at http://doi.org/10.1111/epi.16819
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3.4 Results

Our main objective was to investigate if the deviation in brain network structure from the
normal range would be greater in patients with a history of FBTCS. We inferred the normal
range of alterations from control population and assessed the deviation in brain networks of
patients in which focal seizures do not generalise (FBTCS-) and generalise (FBTCS+). We
hypothesised that most of the brain network structures in FBTCS- patients would be in the
normal range, except some localised alterations in the temporal lobe. On the other hand, for
FBTCS+ patients, we hypothesised widespread alterations in brain networks given the rapid
generalisation of focal seizures to recruit widespread brain areas. Figure 3.1 summarises our

overall approach.
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Fig. 3.1 Overall approach (continued...)
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Fig. 3.1 Overall approach: Diffusion MRI to whole-brain structural connectivity net-
work. a) Diffusion MRI data from 112 participants (60 FBTCS+ patients, 23 FBTCS-
patients, and 29 controls) were QSDR reconstructed to align with the ICBM-152 standard
space. b) AAL parcellation atlas defined 90 cortical and subcortical regions of interest
(ROIs). ¢) The white-matter streamlines constrained with neuroanatomical priors defined the
connections between the ROIs. Streamlines are colour coded as per the standard convention
to indicate direction—red, left-right; green, anterior-posterior; blue, superior-inferior. d)
Three example ROIs with the streamlines ending in them as connections. By delineating
connections between all pairs of ROIs, we derived whole-brain structural network for each
participant (illustrated in the inset). e) A network represented as connectivity matrix with
ROIs as nodes on the x and y axes and connections encoded as the matrix element. We
weighted the connections by averaging the fractional anisotropy or mean diffusivity values
along the streamlines from diffusion tensor imaging measurements. Next, we assessed
connection abnormality and node abnormality on these whole-brain structural connectiv-
ity networks. For simplicity, we illustrate these concepts for an example 6 node network.
Connection abnormality. f) At every connection of FBTCS+/FBTCS- patient group and
control group, we computed the t-score as illustrated for an example FA distribution of the
connection B-C. g) We defined abnormal (normal) connections as those above (below) a set
t-score threshold, T. By tracing the interconnected patterns of abnormal connections, we
delineated altered subnetwork, as shown in red, for FBTCS+ vs control and FBTCS- vs
control comparisons. Network based statistics assessed the size of altered subnetwork from
chance-level occurrences in null-models and assigned significance on the extent of alteration
detected in FBTCS+ and FBTCS- patient groups. Node abnormality. h) We computed
z-score at each connection for every participant from the equivalent connection distribution in
controls (illustrated for an example connection B-C). i) We defined connections with z-score
higher or lower than a set threshold, Z, as abnormal (in red) or normal (in black). Node
abnormality is ratio of abnormal connections to the total number of connections in a node
(illustrated by the size of the nodes). We identified abnormal nodes, shown in red, as those
above a set node abnormality threshold, consequently, quantifying abnormality load as the
total number of abnormal nodes in the network.

3.4.1 Widespread network alteration associated with secondary gener-

alisation of temporal lobe seizures

We investigated the alterations in brain networks of patients at the resolution of individual
connections to identify the abnormal subnetwork and assess how large that subnetwork is in
FBTCS+ and FBTCS- patients. We assumed that an interconnected configuration of altered
connections—rather than altered connections in isolation or distributed randomly—would be
the basis for focal onset seizures either remaining localised to a few areas or rapidly recruiting

widespread areas. Therefore, we applied Network Based Statistics (NBS) to identify altered
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clusters of connections by comparing (i) FBTCS+ patients and controls, and (ii) FBTCS-

patients and controls.
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Fig. 3.2 Widespread network alteration associates with secondary generalisation of temporal

lobe seizures (continued...)

Comparing FA weighted brain networks, we found that FBTCS+ patients have more

widespread reductions in FA in many more connections than FBTCS- patients. Figure
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Fig. 3.2 Widespread network alteration associates with secondary generalisation of
temporal lobe seizures. We applied Network Based Statistics (NBS) to compare FA
weighted connectivity matrices of FBTCS+ and FBTCS- patient groups with the control
group. Panel a) illustrate alteration of each connection quantified by t-scores computed
within the NBS analysis for FBTCS+ vs. control group comparison on the left and FBTCS-
vs. control group comparison on the right. Negative (positive) t-score indicates reduction
(increase) in FA of patients compared to controls. We found that the lower negative t-scores
were widespread across many connections in FBTCS+ patients compared to FBTCS- patients.
b) Applying NBS analysis, we identified significantly reduced subnetwork (connected com-
ponent) at pre-specified t-score thresholds in FBTCS+ and FBTCS- patient groups compared
to control group. The number of edges contained in the altered subnetwork represents the
extent of alteration. We detected that the FBTCS+ patients (in orange) have higher extent of
alteration than the FBTCS- patients (in teal) across all t-score thresholds. ¢) An example of
significantly reduced connected subnetwork in FBTCS+ and FBTCS- patients; FA at every
edge of this subnetwork was reduced in patient with respect to controls with t > 3. While
the altered subnetwork is widespread in FBTCS+ patient group (upper panel), it is limited
primarily to the regions in the temporal and frontal lobes in FBTCS- patient group (lower
panel).

3.2a illustrates these alterations using t-statistics of the connections between regions. For
a range of t-score thresholds we applied NBS delineating altered topological cluster i.e.,
sub-network of interconnected connections in which the t-score of all connections are more
than the specified threshold. Figure 3.2b illustrates the extent of alteration by plotting the
number of connections in the altered subnetwork for FBTCS- vs control and FBTCS+ vs
control comparisons. We found, across all t-score thresholds, a larger altered subnetwork in
FBTCS+ than FBTCS- patients. Figure 3.2c maps the spatial location of the altered connec-
tions at an example t-score threshold, t = 3. We found that in FBTCS- patients the altered
connections were localised in a subnetwork spanning temporal and frontal regions. However,
in FBTCS+ patients the subnetwork of altered connections was widespread, spanning many

brain regions.

We observed similar results by applying the same analysis on a) networks weighted by mean
diffusivity in Appendix B.1, and b) separately analysing left TLE and right TLE patients in
Appendix B.2.

In summary, we found that most of the connections in FBTCS- patients were in the normal
range of healthy controls; the altered connections formed a subnetwork localising primarily in

the temporal and frontal areas. In contrast, in FBTCS+ patients, many connections deviated
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from the normal range of healthy controls comprising a widespread subnetwork including

brain regions distant from the temporal lobe.

3.4.2 Abnormality load and its spatial distribution associated with sec-

ondary generalisation of temporal lobe seizures

Premising that the spatial arrangement of abnormal regions would relate to the site of
seizure onset and spread, we mapped the abnormality of each region (or node) in the
brain network. Specifically, for every subject we computed node abnormality—the ratio
of abnormal connections to the total number of connections in a node—followed by the
identification of abnormal nodes (Sinha et al., 2020). We termed the total number of abnormal
nodes at any given z-score and node abnormality threshold pairs as the abnormality load
(see Appendix B.3 and Methods for details). By comparing the abnormality load in controls,
FBTCS+, and FBTCS- patients, we determined the regions that had abnormalities outside

the normal range of controls.

First, at the entire brain network level we found significant difference in abnormality load by
comparing controls, FBTCS-, and FBTCS+ patients (> = 13.9, Kruskal-Wallis p < 0.001).
The abnormality load in the FBTCS+ patient group was significantly higher than the FBTCS-
patient and control groups (Figure 3.3a, upper panel). The estimation plot (Figure 3.3a,
lower panel) shows that the effect size of abnormality load between FBTCS- vs control is
lower than FBTCS+ vs control. Statistical estimates: FBTCS- vs. control: p = 0.04,d = 0.4
[95%CI -0.17, 1]; FBTCS+ vs control: p < 0.001,d = 0.82 [95%C1 0.32, 1.28]; FBTCS+ vs
FBTCS-: p =0.03,d = 0.44 [95%CI -0.07, 0.92]. Therefore, our results indicated that the
whole-brain abnormality load in FBTCS- patient group was similar to the control group, and

both were substantially lower compared to the FBTCS+ patient group.

Second, at the resolution of individual lobes/areas (Figure 3.3b), we found that abnormality
load in FBTCS+ patients was substantially higher than controls across all lobes. In contrast,
FBTCS- patients had substantially more abnormality load than controls only in the left
temporal and left frontal lobes; other lobes, where seizures typically do not spread to, were

not different from the baseline control level.

Third, at a finer spatial resolution of 90 parcellated regions, we compared the node abnormal-
ity of every node between FBTCS- vs control and FBTCS+ vs control. By flipping the ROIs
between left and right hemisphere of the left TLE patients, we expressed each ROI as either
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Fig. 3.3 Abnormality load and its spatial distribution associate with secondary gener-
alisation of temporal lobe seizures. a) Abnormality load i.e., the total number of abnormal
brain regions, is plotted on the estimation plot for control, FBTCS-, and FBTCS+ groups.
Each dot represents a subject, the vertical lines represent the group mean with group standard
deviation, and the lower panel shows the point estimate of Cohen’s d with 95%CI from 5000
bootstrap resampling with replacement. We found that the abnormality load was significantly
higher for FBTCS+ vs. control group comparison as opposed to FBTCS- vs control group
comparison. We also detected that the abnormality load in FBTCS+ group was significantly
higher than FBTCS- group. Statistical estimates— FBTCS- vs. control: p = 0.04,d = 0.4
[95%CI -0.17, 1]; FBTCS+ vs control: p < 0.001,d = 0.82 [95%CI 0.32, 1.28]; FBTCS+ vs
FBTCS-: p =0.03,d = 0.44 [95%CI -0.07, 0.92]. b) At the resolution of individual lobes,
the bar plot illustrates the effect size of abnormality load to discriminate between FBTCS-
vs. control (in teal) and FBTCS+ vs. control (in orange). We found that across all lobes,
taken individually as left/right or combined, abnormality load in FBTCS+ was significantly
higher than the control group. In contrast, in FBTCS- group only the abnormality load in
temporal lobe (left and left-right hemisphere combined) was significantly higher than the
control group. Two stars represent p < 0.005 and single star represents 0.005 < p < 0.05.

ipsilateral or contralateral to seizure focus. The mean node abnormality in FBTCS+ patients
was significantly higher than FBTCS- patients in 29 ipsilateral and 27 contralateral ROIs,

with the highest prevalence in the ROIs belonging to subcortical and parietal areas (Figure
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3.4a). Appendix B.4 shows consistency of these results across a range of z-score thresholds.
Figure 3.4b-c maps the node abnormality at each ROI for FBTCS- and FBTCS+ patient
group, the size of ROIs is drawn proportional their mean node abnormality. Many nodes
in FBTCS+ patients have abnormalities greater than controls; abnormal nodes in FBTCS-

patients are mostly localised in the ipsilateral temporal and frontal lobes.

In summary, we found that the abnormal nodes are spatially correlated with the site of seizure
onset and spread. Patients in the FBTCS- group displayed localised abnormalities mainly in
the temporal and frontal lobes whereas FBTCS+ patients displayed widespread abnormalities.
On average, FBTCS+ patients have significantly higher node abnormality than FBTCS-

patients across many widespread ROIs, including subcortical and parietal areas.
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Fig. 3.4 Node abnormality in regions ipsilateral and contralateral to seizure focus be-
tween patients with and without FBTCS. a) At every ROI expressed as ipsilateral or
contralateral to seizure focus, we computed the mean node abnormality with 95%CI at
z-score>2.5. Node abnormality in ipsilateral hemisphere was higher than the contralateral
hemisphere. FBTCS+ patient group (in orange) had greater node abnormality than FBTCS-
patient group (in teal) across all ROIs. Specific ROIs with significantly higher node abnormal-
ity in FBTCS+ group than in FBTCS- group are highlighted by stars representing p < 0.05
after Benjamini-Hochberg FDR correction for multiple comparisons. Lobe-wise occurrence
of ROIs with significantly higher node abnormality in FBTCS+ group were: temporal 8/18
(44%), subcortical 11/14 (78%), parietal 12/14 (85%), occipital 8/12 (66%), frontal 15/26
(57%), cingulate 2/6 (33%). b-¢) Mean node abnormality is mapped for FBTCS- patients in
panel (b) and FBTCS+ patients in panel (¢). The size of the nodes, shown by spheres, are
scaled by their mean node abnormality value. We found that in both patient groups node
abnormality is higher in the ipsilateral temporal lobe relative to the abnormality in rest of the
brain. High node abnormality was widespread in FBTCS+ patient group, whereas in FBTCS-
patient groups the abnormal nodes were localised mainly in the temporal and frontal areas.
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3.5 Discussion

We investigated if widespread brain network abnormalities were present in patients with a
history of FBTCS and drug-resistant TLE. By comparing controls and patients with and
without FBTCS, we mapped alterations in brain networks at the resolution of individual
connections, nodes, lobes, and the whole-brain. In patients without a history of FBTCS,
abnormalities were localised mainly in temporal and frontal areas. In contrast, abnormalities
were widespread and bilateral in patients with FBTCS. Regions in the subcortical and
parietal lobes, showed a marked increase in node abnormality in TLE patients with FBTCS.
Abnormality load, a subject-specific measure of whole-brain abnormality, placed FBTCS
patients at the higher end of the abnormality spectrum, followed by patients without FBTCS

and then controls.

Alterations of white-matter tracts, generally characterized by reduced anisotropy and in-
creased diffusivity, are a feature of TLE (Otte et al., 2012). Here, we additionally showed
higher and more widespread alterations in TLE patients with FBTCS. Pseudo-prospective
analysis (i.e., holding-out a few patients as test cases, akin to new incoming patients) from
cross-validated machine learning models suggested the amount of abnormality expected to
remain after surgery is an important factor determining seizure recurrence (Sinha et al., 2020;
Taylor et al., 2018). Other studies have shown an association between history of FBTCS and
seizure outcome after TLE surgery (Bone et al., 2012; Keller et al., 2015). Taken together, we
suggest abnormality in whole-brain structural connectivity may underpin both post-surgical

seizure recurrence and pre-surgery FBTCS occurrence.

The pathophysiology of FBTCS are understood to involve disrupted network interactions
between different brain areas. Local ictal discharges bilaterally propagate to brainstem motor
areas via the corpus callosum to trigger the tonic-clonic phase (Brodovskaya and Kapur,
2019; Wieshmann et al., 2015). Motor areas project excitatory activity to the thalamic nuclei
and subcortical structures. From the thalamocortical projections, the excitatory seizure
activity propagates to widespread areas after the inhibitory process fails at the basal ganglia
(Blumenfeld et al., 2009; He et al., 2019). Indeed, structural and functional abnormalities
have been reported in these areas in patients with FBTCS (Blumenfeld et al., 2009; Chen
et al., 2018; Peng and Hsin, 2017; Wieshmann et al., 2015; Yang et al., 2017). This hypothesis
about the propagation model of FBTCS has primarily been supported by studies incorporated

functional imaging modalities and/or T1-weighted MRI. Surprisingly, only a few studies
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have utilised diffusion MRI to study FBTCS, limiting its application to thalamus associated
fibre bundles (Chen et al., 2018; Peng and Hsin, 2017). We utilised diffusion MRI to
study the whole-brain structural network in FBTCS. Studying one of the largest patient
cohorts at a single centre, we found bilateral structural network abnormalities in regions
belonging to the subcortical and parietal areas. These abnormal regions included the bilateral
thalamus and motor areas, as described in the aforementioned propagation model of FBTCS.
Therefore, our analysis provides complementary evidence from the diffusion MRI domain in
support of the propagation model of FBTCS. In addition, our whole-brain structural network
analysis revealed abnormalities in other brain areas, thus suggesting that wider network
disruption is present in individuals with FBTCS. Patients without FBTCS also have network
disruption, but more localised. Though causality is difficult to infer, it is plausible that
the recruitment of recurrent excitation pathways may have reinforced seizure generation
and seizure propagation networks, thus leading to widespread abnormality in secondary
generalised seizures vs. localised abnormality in focal-only seizures (Tavakol et al., 2019).
Hence, we postulate abnormal neuroplasticity as the pathological mechanism underlying
FBTCS.

Our novel application of the node abnormality metric allows the mapping of abnormalities
on the whole-brain structural network in a patient-specific manner. Our analysis showed
structural brain network abnormalities are greater and more widespread in patients with
FBTCS. The node abnormality method reconciles the widespread alterations into a single
patient-specific metric: the abnormality load that was associated with FBTCS. Although we
detected abnormalities in specific regions known to be involved in the pathophysiology of
FBTCS, we also found abnormalities outside of those regions. Our results therefore suggest
that while thalamocortical pathways, including the regions in subcortical and parietal lobes,
are altered in FBTCS and might be important in understanding population-level mechanisms
of FBTCS, there may not be any one region that is specific for stratifying patients on FBTCS
spectrum. Instead, it is the total number of abnormal regions—a patient-specific property—that

is associated with the predisposition to FBTCS.

Our findings have implications for both existing and new treatments. Individual patients
have different susceptibility to FBTCS and there is a high clinical value in identifying who
is at a higher risk of FBTCS. While identifying mean group differences pertaining to a
disease is crucial to develop mechanistic insights, personalised medicine requires quantifying

patient-specific heterogeneities (Marquand et al., 2016). Metrics such as, node abnormality
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(Sinha et al., 2020), network abnormality (Bonilha et al., 2015), or deviation score (He
et al., 2019, 2015) can quantify patient-specific heterogeneities, thus stratifying patients on a
spectrum of disease severity rather than dichotomised groups. Multivariate combinations
of clinical factors associated with FBTCS (Baud et al., 2015; Bone et al., 2012) with our
proposed patient-specific abnormality measure may be able to determine patient susceptibility
to FBTCS. Identifying predisposition of patients to FBTCS may be particularly relevant in
epilepsy monitoring units where anti-seizure drug tapering carries a risk of FBTCS (Ryvlin
et al., 2013). For neuromodulation therapies, regions with high abnormality in a patient might
be hypothesised as choke-points for terminating seizures (Paz and Huguenard, 2015). We
propose exploring the usefulness of patient-specific abnormality measures for personalised

treatment options.

Our findings should be interpreted with some caveats. First, the case-control design of our
study could not detangle the cause-effect mechanisms underlying abnormality. Widespread
abnormalities in the whole-brain structural network could either be the cause or the effect of
FBTCS. A longitudinal study of patients with new-onset epilepsy is best suited to address
these questions. Second, we could not study the left TLE and right TLE patients separately
with high statistical power due to fewer patients remaining in FBTCS- group. However,
to some extent this limitation is mitigated due to the balance between left and right TLE
patients in FBTCS+ and FBTCS- groups and partly addressed by our combined ipsilateral-
contralateral abnormality analysis (Figure 3.4). Third, we focused only on what makes a
patient susceptible to FBTCS and not on which seizure would generalise. The importance of
within-patient seizure-variability and seizure-specific treatment has been underscored recently
(Schroeder et al., 2020). Identifying features associated with secondary generalisation of
seizures is also important (Karthick et al., 2018; Khambhati et al., 2016; Yoo et al., 2014) and
a future multimodal analysis combining whole-brain structural and functional networks would

allow identification of seizure spreading on abnormal structural network substrates.

In conclusion, we have shown using diffusion MRI that widespread brain network abnormali-
ties are present in patients with FBTCS. Measuring the extent and amount of abnormality on
patient-specific whole-brain structural network is a likely indication of patient susceptibility

to secondary generalised.
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4.1 Abstract

Patients with idiopathic generalised epilepsy (IGE) typically have normal conventional
magnetic resonance imaging (MRI), hence identifying IGE based on MRI is challenging.
Anatomical abnormalities underlying brain dysfunctions in IGE are unclear and their relation

to the pathomechanisms of epileptogenesis is poorly understood.

In this study, we applied connectometry, an advanced quantitative neuroimaging technique
for investigating localised changes in white-matter tissues in vivo. Analysing white matter
structures of 32 subjects we incorporated our in vivo findings in a computational model of

seizure dynamics to suggest a plausible mechanism of epileptogenesis.

Patients with IGE have significant bilateral alterations in major white-matter fascicles. In
the cingulum, fornix, and superior longitudinal fasciculus, tract integrity is compromised,
whereas in specific parts of tracts between thalamus and the precentral gyrus, tract integrity
is enhanced in patients. Combining these alterations in a logistic regression model, we
computed the decision boundary that discriminated patients and controls. The computational
model, informed with the findings on the tract abnormalities, specifically highlighted the
importance of enhanced cortico-reticular connections along with impaired cortico-cortical

connections in inducing pathological seizure-like dynamics.

We emphasise taking directionality of brain connectivity into consideration towards under-
standing the pathological mechanisms; this is possible by combining neuroimaging and
computational modelling. Our imaging evidence of structural alterations suggest the loss of
cortico-cortical and enhancement of cortico-thalamic fibre integrity in IGE. We further sug-
gest that impaired connectivity from cortical regions to the thalamic reticular nucleus offers a
therapeutic target for selectively modifying the brain circuit for reversing the mechanisms

leading to epileptogenesis.

4.2 Introduction

Idiopathic generalised epilepsies (IGEs) constitute nearly a third of all epilepsies and can
manifest with typical absences, myoclonic seizures, and generalised tonic-clonic seizures,
alone or in varying combinations (Berg et al., 2009; Panayiotopoulos, 2005). The “idiopathic”

modifier implies an unknown cause in contrast to, for example, epilepsies where an underlying
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structural cause is evident. Routine MR imaging is unremarkable. There is strong empirical
evidence for heritability (Berg et al., 2009), reflected in the recently proposed change in
terminology to genetic generalised epilepsies (Berg et al., 2010). However, the IGE term is

still widespread in non-clinical literature and will be used here.

Electrographically, seizures in IGE are characterised by simultaneous bilateral epileptiform
discharges. However, on standard MR imaging, patients with IGE appear normal. While more
advanced methods have identified some changes, these findings are inconsistent (Duncan,
2005). It has long been suggested that there are shared pathophysiological mechanisms
across the spectrum of IGE syndromes (Andermann and Berkovic, 2001; Benbadis, 2005).
Therefore, investigation of mixed-syndrome IGE populations is important in identifying
shared pathophysiology (Pitkédnen et al., 2016; Whelan et al., 2018).

Although there is a paucity of studies on white-matter changes in IGE, some studies have
demonstrated regional white matter alterations. In patients with JME, anterior thalamo-
cortical radiations to frontal lobe networks have been consistently found abnormal (Deppe
et al., 2008; Keller et al., 2011; Liu et al., 2011; O’Muircheartaigh et al., 2012). Additionally,
motor networks, along with callosal abnormalities have also been found to be implicated
(Gong et al., 2017; O’Muircheartaigh et al., 2011; Vollmar et al., 2012). For patients with
GTCs, while Liu et al. 2011 found no aberration in the white-matter, Li et al. 2010 applied
multiple analysis techniques and found abnormalities in parts of cerebellum but not elsewhere.
However, Zhang et al. 2011 and Liao et al. 2013 detected abnormalities in the non-cerebellar
regions by applying graph theory and found altered node topological characteristics in default
mode network, mesial frontal cortex and in subcortical structures. Combining functional and
structural connectivity, Zhang et al. 2011 demonstrated loss in structure-function coupling
and epilepsy duration. Ji et al. 2014 found subtle reduction in lengths of commissural tract
bundles connecting the anterior cingulate cortex and the cuneus bilaterally, which were
also found to have altered functional connectivity. In childhood absence epilepsy (CAE),
white-matter has been shown to be impaired by analysing specific structures (Luo et al., 2011;
Yang et al., 2012) and also by applying network-based graph theoretical measures (Xue et al.,
2014). Furthermore, Qiu et al. 2016 found impairments in default mode network regions.
In mixed syndrome IGE, aberrant increases in thalamic, precentral, and parietal areas have
been shown (Groppa et al., 2012) in addition to differences in callosal and cortico-spinal
tracts amongst others (Focke et al., 2013). On the other hand, McGill et al. 2014 found no

structural difference in patients with IGE. In summary, the existing white matter findings
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vary widely between studies, possibly due to different methods applied for detecting complex

patterns of microstructural alterations.

Diffusion MRI Connectometry is a recently developed analytical method that is more sen-
sitive to local structural differences in fibre pathways (Yeh et al., 2016, 2013a). This is
fundamentally different from conventional whole-tract based approaches where end-to-end
tracking between different regions is performed first and then differences in connectivity
sought. A summary measure derived for the entire track may obscure localised pathological
changes (Keller et al., 2016; Yeh et al., 2016). In contrast, connectometry first maps the
difference in a parameter of interest at each fibre orientation in a voxel. It then connects
the differences using fibre tracking, thus delineating an entire altered pathway (Abhinav
et al., 2014b). The exact location and extent of the abnormality can be detected with high
specificity. Connectometry has been applied in a number of studies investigating structural
alterations such as in chronic stroke, amyotrophic lateral sclerosis, depression amongst others
(Abhinav et al., 2014a; Yeh et al., 2013a). However, to our knowledge, connectometry has

not been applied to examine white-matter changes in IGE.

Beyond the analysis of static properties of brain connectivity, computational models addition-
ally allow the prediction of time-varying activity (Baier et al., 2012; Lytton, 2008). Models
simulate time series of cerebral activity, constrained by model parameters. In recent years,
models constrained with parameters derived from clinical data have provided mechanistic
insights into the pathophysiology of seizure genesis, maintenance, spread, and termination
(e.g., Bauer et al. 2017; Jirsa et al. 2016; Kramer et al. 2012; Proix et al. 2017; Sinha et al.
2016). In the context of spike-wave seizures, models of thalamocortical interactions have
been proposed (Breakspear et al., 2006; Destexhe, 1998; Marten et al., 2009; Robinson
et al., 2002; Taylor et al., 2014b). However, it is only recently that models of IGE have been
constrained by subject-specific data (Benjamin et al., 2012; Nevado-Holgado et al., 2012;
Schmidt et al., 2014, 2016; Taylor et al., 2013a; Yan and Li, 2012)). Combining a dynamical
model with subject-specific neuroimaging data permits exploration of possible mechanistic

consequences of observed connectivity change (Proix et al., 2017; Taylor et al., 2014a).

The focus of this study is to elucidate white matter changes that are common to mixed-
syndrome IGE, using diffusion MRI Connectometry, a potentially more sensitive method.
We then explored possible mechanistic consequences of the connectivity changes in a

computational dynamic model, constrained by our neuroimaging observations.
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4.3 Methods

4.3.1 Participants

We studied a total of 32 subjects recruited by the New York University Comprehensive
Epilepsy Centre. Our subject cohort included 14 patients with IGE (7 males and 7 females,
age range 20.6-49.6 years, mean age 34 years). Patients were age and gender matched with
18 healthy control subjects (9 males and 9 females, age range 20.9-46.5 years, mean age
30.2 years). Details of functional connectivity change in this cohort have been previously
reported (McGill et al., 2012, 2014). The details of patients are provided in Table 4.1 and
information on control subjects is in Appendix C.6. Patients met the criteria for IGE and
had no history of developmental delay or structural brain abnormalities. Standard diagnostic
anatomical imaging studies were normal. Electrophysiological evaluation with interictal,
and in most cases, ictal EEG demonstrated typical generalised epileptiform spikes. Patients
with focal epileptiform discharges or focal slowing on EEG were excluded (McGill et al.,
2012, 2014). Patients with IGE were classified according to the International League Against
Epilepsy (ILAE) classification as having absence seizures (35.7%), myoclonic seizures
(50%), generalised tonic-clonic seizures (85%), or combinations thereof as shown in Table
4.1. All people diagnosed with IGE were receiving active medical treatment at the time of
study. All subjects gave their written informed consent to participate in this study, which was

approved by the Institutional Review Board of NYU Langone School of Medicine.

4.3.2 Data acquisition and processing

All 32 subjects underwent scanning on a Siemens Allegra 3.0T scanner at New York Univer-
sity Centre for Brain Imaging. Participants had a T1-weighted MRI sequence optimised for
grey-white matter contrast (TR = 2530 ms, TE = 3.25 ms, T1 = 1100 ms, flip angle = 7°,
field of view (FOV) = 256 mm, matrix = 256 x 256 x 192, voxel size = 1 x 1.33 x 1.33
mm). Images were corrected for non-linear warping caused by non-uniform fields created
by the gradient coils. All participants also had diffusion MRI scans. Diffusion-weighted
echo-planar MRI were acquired by applying diffusion gradients along 64 directions (b-value
= 1000 s/mm?) with the following parameters during the 6 min 3s scan (TR = 5500 ms,
TE = 86 ms, FOV = 240 mm, slice thickness = 2.5 mm, voxel size = 2.5 x 2.5 x 2.5 mm).

Diffusion data were corrected for eddy current and motion artefacts using the FSL eddy
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Table 4.1 Patient information and seizure types

Demographics Seizure types

Epllepsy Onset Absence Myoclonic GTC
duration  Age

Patient Gender Age

1 M 49.6 30.6 19 X

2 F 48.7 31.7 17 X X X
3 M 474 31.4 16 X
4 M 27.5 7.7 19.8 X

5 F 32.1 12.1 20 X
6 F 21.7 3.6 18.1 X X
7 F 38.8 26.8 12 X X
8 M 27.7 26.2 1.5 X
9 M 35.6 26.6 9 X X
10 M 36.3 5.3 31 X
11 F 24.6 9.6 15 X X X
12 M 20.6 5.6 15 X
13 F 37.9 23.9 14 X X
14 F 27.6 17.8 9.8 X X X

correct tool (Andersson and Sotiropoulos, 2016). We then rotated the b vectors using the

‘fdt-rotate-bvecs’ tool (Jenkinson et al., 2012; Leemans and Jones, 2009).

4.3.3 Diffusion weighted imaging analysis

Tractography

We analysed the data obtained from eddy corrected diffusion-weighted MRI and T1-weighted
MRI in the DSI Studio (http://dsi-studio.labsolver.org) software pipeline. The diffusion data
were reconstructed in standard space using g-space diffeomorphic reconstruction (QSDR)
(Yeh and Tseng, 2011) to obtain the spin distribution function (SDF) (Yeh et al., 2010).
The diffusion sampling length ratio was 1.25 and the QSDR reconstruction yields maps of
SDFs at 2 mm isotropic resolution. We applied an 8-fold orientation distribution function
(ODF) tessellation with 5 peaks of the ODF, allowing for crossing fibers within voxels. For
fibre tracking, we seeded the regions and the tracts were terminated when the quantitative
anisotropy of the voxel through which the streamline entered was below 0.6*(Otsu’s thresh-
old). Otsu’s threshold is calculated to give the optimal separation threshold that maximises
the variance between background and foreground (Otsu, 1979). We choose deterministic

tractography due to the likelihood of it generating fewer false positive connections than
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probabilistic approaches. Streamlines with implausible lengths (> 300 mm and < 10 mm)
and extreme turning angles (> 60 degrees) were excluded. Other parameters were as follows:
step size: 1 mm, smoothing: 0, seed orientation: primary, seed position: subvoxel, randomise
seeding: 0, direction interpolation: trilinear, tracking algorithm: runge-kutta order 4, stream-
lines threshold: 1,000,000. We assessed the integrity of tracts by analysing the generalised
fractional anisotropy of the tract profiles. The gFA measure is a generalised version of the

widely used FA measure of white matter integrity (Tuch, 2004).

Connectometry

We investigated the structural alterations in white matter pathways using diffusion MRI
connectometry to compare patient and control groups (Yeh et al., 2016). Connectometry
permits analysis of the white-matter characteristics locally in contrast to the conventional
end-to-end, whole-tract approaches. It has been shown that when the structural change
involves only a segment of the white-matter pathways, global connectivity and tractography
based approaches have a much lower sensitivity in capturing the regional variability in the
white matter as compared to connectometry (Faraji et al., 2015; Yeh et al., 2016, 2013a). The

overall procedure of the connectometry analysis is illustrated in Figure 4.1.

First, we created a connectometry database of all 32 subjects (14 patients and 18 controls) with
generalised fractional anisotropy (gFA) as the index of interest (Figure 4.1(a,b)). In creating
the connectometry database we used the default Human Connectome Project HCP842
atlas as the common atlas from which the local fibre directions are sampled to create
the local connectome matrix. To aid reproducibility, we provide an anonymised version
of the Connectometry database we used in this study on https://doi.org/10.5281/zenodo.
2535418.

Second, we set-up the group connectometry analysis in DSI studio to correlate the local
connectome matrix with age, gender, and subject category (patient or control) in a multiple
linear regression model while selecting the subject category as the study variable. In this step,
we also assigned a seed region to study the regional differences of the local connectomes
emanating from that region (Figure 4.1(c)). Specifically, we seeded (i) the whole brain
to visualise the consistent trend of connectome alterations, (ii) all regions defined in the
JHU white-matter atlas excluding the regions in cerebellum and brain-stem, and (iii) corpus
callosum and thalamic regions from the freesurfer Destrieux atlas. All the regions studied

along with their anatomical locations are shown in Appendix C.1 and C.2.
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Fig. 4.1 Overall procedure. (a-b) Diffusion MRI of each subject in the native space was
reconstructed to the standard space for creating a connectometry database using QSDR
reconstruction with gFA as the index of interest. (¢) Group connectometry analysis was
performed to study the local alterations in the white-matter tracts between controls and
IGE patients using a multiple regression model with age at MRI acquisition and sex as
covariates. Local connectome differences were studied for the whole brain seeding and
seeding predefined atlas based regions. (continued)
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Fig. 4.1 (d-e) For each seeded region of interest (ROI), connectometry was performed
for a wide range of tract lengths and #-thresholds as represented by the two-dimensional
space. At each point of the two-dimensional space, the local connectomes associated with
the reduction and increase in IGE were delineated. (f-g) Output of connectometry were
quantified by computing the significant mean gFA differences defined by the p-value between
the groups and the tract count. (h) p-values were corrected for multiple comparisons using
Benjamini-Hochberg FDR and a binary threshold was applied at 0.05 in (i). Similarly, on
the tract count matrix, a binary threshold of 100 was applied to obtain a matrix shown in
(j). The matrices in (i) and (j) were multiplied at each point to result in a two-dimensional
space in (k) that highlights a region (in white) where the difference between the groups are
significant with a minimum of 100 tracts detected. (I) Schematic of the thalamo-cortical
model. Tract alterations from the imaging data were incorporated in the model to constrain
the thalamo-cortical (C7, C8, C9) and cortico-cortical (C1) connectivity parameters.

Third, we ran connectometry analysis for tract length threshold varying from 20mm to 60mm
in increments of 2mm (voxel resolution) and #-score threshold varying from 1.5 to 2.5 in
increments of 0.05. Connectometry analysis allows selecting the affected tracts with length
greater than a threshold, which is termed as the length threshold. #-score is another threshold
at which the tracts, compared between the two groups, would be detected as altered. At
each point on this two dimensional grid, local connectomes for every seed region under
study are delineated with positive and negative associations of gFA and the subject category
(Figure 4.1(d,e)). The local connectomes were tracked using a deterministic fibre tracking
algorithm (Yeh et al., 2013a), track trimming was iterated once, and the seed count was set to
10000. These are the default settings for fibre tracking in connectometry analysis from the 9
August 2018 version of DSI Studio. Connectometry analysis controls for the true positive
and false positive rate by comparing the positive and negative associations of gFA with a
null distribution by randomly permuting the group labels. Further details of this procedure
can be referred in the section on “Local connectomes and their statistical inference” in (Yeh
et al., 2016) and also in the method section of (Yeh et al., 2013a). In our study, we set the

permutation count to 1500 which is reasonably high and a pragmatic choice for speed.

Fourth, we quantified the output of the connectometry analysis at each point of the two-
dimensional grid for every seeded region of interest. We computed the mean gFA of the
voxels traversed by the altered tracts detected from the connectometry analysis for each
subject. These mean gFA values were exported in MATLAB and effects of age and gender
were regressed out to compute the residuals. The residual gFA were compared between the

patient and the control groups by applying a non-parametric Wilcoxon rank sum test (Figure
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4.1(f)). We corrected the p-values for multiple comparison by applying Benjamini-Hochberg
false discovery rate procedure at 5% significance level (Figure 4.1(h)) and then applied
a binary threshold at p = 0.05 (Figure 4.1(i)). Identifying bundles of adjacent, altered,
streamlines is also important in avoiding Type-I errors. Therefore, we noted the number of
streamlines detected at each point of the two-dimensional grid (Figure 4.1(g)). An arbitrary
binary threshold of n = 100 was applied to visualise the range of tract length and #-score
values for which the connectometry analysis identified at least 100 streamlines as aberrant
(Figure 4.1(j)). This binary matrix was multiplied element-wise with the binary matrix
generated from the FDR corrected p-values (Figure 4.1(k)). Thus, we determined a range of
tract lengths and 7-scores where there exist significant microstructural alterations in at least

100 tract bundles for each seeded region.

4.3.4 Dynamical model

Model description

To investigate how aberrations in connectivity may lead to seizure dynamics, we related our
data-driven neuroimaging findings to an established mathematical model which simulates
dynamic thalamocortical interactions. The model is illustrated schematically in Figure 4.1(1).
This neural population model is based on the Wilson-Cowan formalism (Wilson and Cowan,
1972) which is one of the best-studied population level models (see e.g., Borisyuk et al. 1995;
Destexhe and Sejnowski 2009; Meijer et al. 2015; Wang et al. 2012).

In this neural population model, the cortex is treated as one subsystem and the thalamus as
the other. The cortical subsystem is composed of excitatory pyramidal (PY) and inhibitory
interneuron (IN) populations. The thalamic subsystem includes variables representing
populations of thalamo-cortical relay cells (TC) and neurons located in the reticular nucleus
(RE). The connection schemes, shown by the arrows in Figure 4.4(b) between various cell
populations, have the following interpretation: the PY variable is self-excitatory and also
excites the IN population. In addition, PY excites the TC and RE cells of thalamus. IN
inhibits local cortical PY cells only. Direct thalamic output to the cortex comes only from the
excitatory TC populations to the PY populations. Intra-thalamic connectivity is incorporated
as the TC cells having excitatory projections to RE, which in turn inhibit the TC population
along with self-inhibition of RE. The dynamics of the model are governed by the following
differential equations inspired by the model in Taylor et al. 2014b:
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dPY

=P +S(C1PY — C3IN + CoTC + hypy) (4.1)
fczd;—iv = —IN+S(CyPY + hyy,) (4.2)
rgdé% = —TC+C7PY — C¢RE + hye + 0N (t) (4.3)
u‘%E = —RE +CgPY — C4RE +CsTC + hye 4.4)

where hpy in e re are external input parameters which can be interpreted as the general ex-
citability level, as they determine how much input is required to activate a population (Amari,
1977; Wilson and Cowan, 1972). 1y ... 4 are time scale parameters, C| > ... 9 are connectivity
parameters between the cortical and thalamic subsystems, N(z) is normally distributed noise
input with zero mean and unit standard deviation; & modulates the noise amplitude. The
noise term was added to the TC population following previous modelling literature of the
thalamo-cortical loop, and represents non-specific ascending noise input from the brain stem
(Breakspear et al., 2006; Marten et al., 2009; Robinson et al., 2002; Taylor et al., 2014b).
The formalism for the noise term used here is adopted in (Wang et al., 2014, 2017). S[-] is

the sigmoid activation function defined as follows:

1
(1+exp(—a(x—0)))

Sx] = 4.5)
where, a = 1 is the steepness of the sigmoid function, and 6 = 4 is the x offset (Wang et al.,
2012, 2014).

We simulated the model numerically in MATLAB (The MathWorks, Natick, MA). We
computed the solutions of the deterministic model (i.e., noise term N(¢) in equation 4.3 is
set to zero) by using the ode45 solver. For the stochastic model, in which the noise term
is included to simulate seizure transitions, we implemented the equations as a stochastic
differential equation, and used the Euler-Maruyama solver with step size § = (1/15000)s.
Tutorials and MATLAB codes for numerically simulating SDEs are explained in (Higham,
2001). The simulated EEG dynamics in the model correspond to the activity of PY after
filtering out the DC component with a high pass filter at 1 Hz (see, Jirsa et al. 2014; Wang
et al. 2017).
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Model parameter selection using phase space approach

We reconstructed a regime where the spike-wave attractor was bistable to the fixed point by
understanding the bifurcation structure of our model using a phase space approach. This was
done through the reconstruction of subsystems which, when operating on different timescales
can be combined (Fenichel, 1979; Jirsa et al., 2014; Wang et al., 2012). The parameter
values incorporated in the model are provided in Appendix C.7. Their choice was guided by
previous works that highlighted the necessary bifurcation structures (Taylor et al., 2014b;
Wang et al., 2012). Briefly, the state space is deconstructed into slow and fast dimensions
and treated independently at first. The two-dimensional fast cortical system is placed near
a bistability between limit cycle and stable fixed point. For such a bistability to occur in
a two-dimensional system, only a limited number of bifurcation structures exist. These
possible bifurcations in two dimensions in the Wilson-Cowan model have been characterised
extensively (see e.g., Borisyuk et al. 1995; Borisyuk and Kirillov 1992). Thus, the parameters
for the fast subsystem are limited to a sub-region in the parameter space; this is the region

we choose for our model.

When coupling the slow subsystem to the cortical fast subsystem, it is known from established
previous work on bursting that the slow manifolds need to intersect the bifurcation structure
of the fast manifolds. This must occur within the geometric constraints to create spike-wave
type waveforms as a limit cycle attractor (see, Wang et al. 2012 for details). Essentially,
bursting-type waveforms are created with one spike, which is the limit cycle in the fast
subsystem, and one slow wave, which is the bistable fixed point in the fast subsystem.
The geometric construction thereof is described in the classic textbook! (Izhikevich, 2006)
in chapter 9.2 and 9.3. Thus, even for the slow subsystem, the parameters allowing for

spike-wave waveforms are restricted to a sub-region in the parameter space.

In essence this can be considered as a type of model selection/inference. It should be noted
that this does not necessarily represent the infinite dimensional space of all possible models
and parameters thereof. Instead, we use our model as a tool for explaining current data and
making predictions of unknown data (i.e., the directionality of the connectivity which is
unknown from the diffusion MRI). N.B. in the infinite dimensional space of all other models,
there may exist others that were not selected by our approach but can explain the data. Hence
our modelling approach serves as a suggestion of a plausible mechanism, rather than serving

as a definitive proof of a mechanism and should be interpreted as such.

Uhttps://www.izhikevich.org/publications/dsn.pdf
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4.3.5 Discriminatory decision boundary

We used a logistic regression model to infer a linear decision boundary that optimally
discriminates IGE patients and controls. Recognising the two different patterns of alterations,
1.e., decreases in cortico-cortical tracts and increases in thalamo-cortical tracts, we chose
to derive two features from our data. Specifically, we considered the mean gFA of voxels
traversed by the abnormal thalamo-cortical tracts as one feature. Similarly, we incorporated
the mean gFA of all the voxels underlying the abnormal cortico-cortical tracts as the second
feature. Age and gender were regressed out from both the features using a multiple linear
regression model. Therefore, our feature space can be represented as A € R"*™, where m = 2
indicates the total number of features and n = 32 denotes the total number of subjects in our

study.

The linear decision boundary between IGE patients and controls was determined using a

logistic regression model by minimising the following regularised objective function:
R —yi(xTa; P2
min Y log(1 + (i @)y 4 7| x|3 (4.6)
T =l 2

where, y = (y1,y2,--*, V) is the n dimensional vector representing the two groups (0 for
healthy subjects and 1 for patients with IGE); ¢;/ denotes the i-th row of feature space A €
R™™; ¢ is the scalar intercept; and 5||x|)3 is the [, (ridge) regularisation term. We optimized
the cost function 4.6 by applying stochastic gradient descent algorithm as implemented in
the fitclinear method in MATLAB in which p is set to 1 /n. Optimising the cost function in
equation 4.6 with the entire data, we computed the discriminatory decision boundary between

patients and controls.

4.3.6 Statistical analysis and visualisation

We applied the non-parametric Wilcoxon rank sum test for comparing the white matter
differences between the patients and controls. We corrected for multiple comparisons
by applying Benjamini-Hochberg false discovery rate correction at a significance level of
5% (Benjamini and Hochberg, 1995). Results were declared significant at p < 0.05. To
illustrate the anatomical location of the observed differences in the white matter tracts, we
reconstructed the section-wise 7-score plots. Cohen’s d measures the standardised difference

between two means (Cohen, 1988). Therefore, we computed the Cohen’s d-score to measure
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the effect size of alteration of white matter differences between the patient and control

groups. We created the scatter plots using the UniVarScatter function in MATLAB (https:
//github.com/GRousselet/matlab_visualisation).


https://github.com/GRousselet/matlab_visualisation
https://github.com/GRousselet/matlab_visualisation
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4.4 Results

Our results are presented in three main sections. First, we demonstrate microstructural
connectivity alterations in the white matter tracts of the default mode network (DMN),
complementing previous demonstrations of DMN resting-state fMRI functional connectivity
alterations in the same subjects (McGill et al., 2012, 2014). Second, we illustrate the white
matter aberrations found in patients after analysing the entire white-matter structures of
the two groups. Finally, we demonstrate how alterations in connectivity affect IGE seizure

dynamics in the computational model.

4.4.1 Microstructural changes in the default mode network

Recent studies have highlighted that anatomical connectivity between brain regions underpins
functional connectivity (Chu et al., 2014; Honey et al., 2009). Impaired functional connec-
tivity in the default mode network has been shown previously by (McGill et al., 2012) for
the same idiopathic generalised epilepsy patients as in our study. Specifically, (McGill et al.,
2012) demonstrated that with the seed placed in the posterior cingulate cortex (PCC), its
functional connectivity to the ventral part of the medial prefrontal cortex (MPFC) is reduced
in IGE patients (results reproduced in Figure 4.2(a)). These regions are located within the
PCC and MPFC, two of the prominent nodes of the default mode network. Previous studies
have identified the cingulum tracts as the only direct anatomical connection between these
two regions of the default mode network (see, Table 1 in Heuvel et al. 2009). Here, we
investigate if the demonstrated alterations in functional connectivity have a basis in the

corresponding altered structural connectivity.

First, we delineated all the cingulum tracts connecting PCC and MPFC by performing
conventional end-to-end tractography. These tracts are shown in Figure 4.2(b). Next, for
detecting any partial abnormalities in these tracts, we performed connectometry by setting the
cingulum region from the JHU white-matter atlas as seed. The tract profile of cingulum fibres
are colour coded in accordance with their #-scores that quantifies how different the tracts are
with respect to controls. Across a wide range of 7-score and tract length thresholds, we found
that in IGE patients there is a significant loss of tract integrity in segments of the cingulum
tracts. In Figure 4.2(b), we have shown these alterations at a representative ¢-threshold of

t = 1.94 and length threshold of [ = 30mm. Significant reduction at these thresholds are
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Fig. 4.2 Microstructural white matter alterations in default mode network detected
from connectometry analysis correspond to functional alterations. a) Functional con-
nectivity between posterior cingulate cortex (PCC) and ventral part of medial prefrontal
cortex (MPFC) has been shown to be reduced in patients with IGE (figure modified from
(McGill et al., 2012)). Functional MRI correlation parameter estimates were obtained using
a general linear model after controlling for the effects of covariates on fMRI correlation.
z-score represents the threshold at which the difference between the groups were examined by
direct voxel-wise comparison using a mixed-effects ordinary least square model. b) The un-
derlying cingulum tracts between PCC and MPFC obtained from tractography between these
regions are shown. Implementing Connectometry analysis elucidates regional differences in
gFA between the two groups along the tract profile which are colour coded in accordance
with their #-score. Red represents the tract segments that are maximally reduced in patients
whereas white illustrates the segments that are not different. The specific portion of cingulum
tracts which are aberrant are magnified in the inset figures. The box plot depicts that the
residuals of mean gFA associated with the aforementioned aberrant portion of cingulum
tracts is significantly reduced (p = 0.01,d = 0.90) in patients compared to controls.

quantified in the corresponding box plot (p = 0.01,d = 0.90) in Figure 4.2(b). Consistent
replication of this trend across a wide range of tract length and #-score thresholds is illustrated
in Appendix C.1(a). These results give an indication that the loss of white-matter integrity in
the cingulum tracts demonstrated here might be a plausible basis for the reduced functional
connectivity between the regions connected by it (i.e., PCC and ventral MPFC in (McGill
et al., 2012)).
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Note that the application of conventional whole-tract based approach in which summary
statistics is derived by averaging gFA across the entire tract profile (i.e., ignoring partial
abnormalities), failed to detect any significant difference as illustrated in Appendix C.5. As
expected, this is mainly because the partial abnormalities of the cingulum tracts are eclipsed

by the normal segments (shown in white in Figure 4.2(b)).

4.4.2 White matter structures with altered connectivity

We identified four pairs of structural connections that were consistently altered between
patients and controls across a large range of #-score and tract length thresholds (Figure 4.3(c)).
The cingulum tract aberrations discussed in the previous section are shown again in Figure
4.3 alongside other white-matter abnormalities detected. Apart from cingulum tracts, we
also found that the integrity of the white matter tracts in the column and body of fornix
was significantly compromised in patients. Tracts from fornix detected at an illustrative
threshold of # = 1.94 and length = 30mm from connectometry analysis are shown in Figure
4.3(a). As depicted by the box plot in Figure 4.3(b), gFA residuals averaged across the tract
and compared between the two groups is significantly reduced (p = 0.02,d = 0.87) in IGE

patients.

Similarly, we detected substantial microstructural abnormality in the white matter segments
of the bilateral superior longitudinal fasciculus. We found that the fibre integrity of superior
longitudinal fasciculus was compromised in patients with IGE for a wide range of thresholds.
In Figure 4.3(a), we plot the abnormal segments of superior longitudinal fasciculus at
exemplary threshold values of # = 1.94 and length = 30mm. Significant reduction of mean
gFA across the tract in these segments for IGE patients at p = 0.002 and d = 1.34 are shown
in the box plot in Figure 4.3(b).

In contrast, we found that the white matter tracts forming part of the bilateral cortico-thalamic
radiations between the thalamus and the precentral gyrus, have an enhanced structural
integrity in patients with IGE. This was evident from the connectometry analysis where
these tracts showed an increased gFA association in IGE patients across a wide range of
t-score and tract length thresholds. In Figure 4.3(a), these tracts are plotted at an illustrative
threshold value of r = 1.94 and length = 30mm. Aberrant increase of gFA associated with
these thalamo-cortical radiations are quantified in the box plot (Figure 4.3(b)) at p = 0.005
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Fig. 4.3 Alterations in generalised fractional anisotropy in white matter tracts. a) gFA
associated with the white matter tracts in bilateral cingulum, column and body of fornix,
superior longitudinal fasciculus, and the parts of cortico-thalamic radiations terminating in
the precentral gyrus are aberrant for a wide range of thresholds in connectometry analysis.
These tracts are shown overlaid on the brain schematic in different views. Tracts are colour
coded in accordance with their #-scores where the warmer colour for higher positive ¢-score
indicates a reduced gFA in patients and the cooler colour for lower negative ¢-score indicates
increased gFA associated with the tracts in patients compared to controls. (continued)
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Fig. 4.3 b) The comparison of mean gFA across the tracts between patients and controls for
each aberrant region is shown in the box plot. The p-value for each region is indicated by
stars in grey (double star for p < 0.005 and single star for 0.005 < p < 0.05) along with the
effect sizes (d-scores). ¢) The white region in the two dimensional panels depict the threshold
values for which the micro-structural alterations are significantly different in connectometry
analysis. Stars in red/blue represent exemplary threshold values of = 1.94 and tract length
= 30mm at which the results are shown in a) and b).

and d = —1.0 by comparing the mean gFA underlying these tracts between IGE patients and

controls.

In summary, we have demonstrated that the tracts in bilateral cingulum, fornix, and superior
longitudinal fasciculus have reduced gFA, but parts of bilateral thalamo-cortical radiations
have increased gFA in patients. This pattern of reduced structural integrity in cortico-
cortical connections and enhanced structural integrity in thalamo-cortical connections was
confirmed upon analysing each white matter region of the JHU atlas and a few other ROIs
(for completeness) from Destrieux atlas which are illustrated in Appendix C.1. Visually
also this pattern of alteration is evident from seeding the whole-brain in connectomery
analysis illustrated in Appendix C.2. Taken together, our findings suggest that in idiopathic
generalised epilepsy, there is a trend towards a loss of white-matter integrity in cortico-
cortical connections, whereas thalamo-cortical connections tend to be abnormally enhanced.
In Figure 4.4(a), we show the optimal decision boundary for discriminating patients and
controls. Note that the patients (controls) with increased (decreased) fibre integrity in cortico-
thalamic tracts and decreased (increased) fibre integrity in cortico-cortical tracts are above
(below) the positively-sloped decision boundary. We incorporate this information to inform

the analysis of the dynamical model in section 4.4.3.

4.4.3 Epileptogenesis mechanisms due to connectivity alterations

Diffusion MRI can tell us which tracts are aberrant in patients, however, it does not tell us their
direction, or how this may lead to epileptogenesis mechanistically. We therefore incorporate
the structural white-matter connectivity changes demonstrated in the previous section into a

dynamical model to examine whether such changes could contribute to epileptogenesis.
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Model dynamics

We implemented a neural population model with cortical and thalamic subsystems illustrated
in Figure 4.4(b) to investigate the mechanisms of seizures due to connectivity alterations.
We are specifically interested in the four parameters of this model which reflect our neu-
roimaging findings: (1) cortico-cortical (PY—PY) connectivity Cl1, (i1) cortico-thalamic relay
nuclei (PY—TC) connectivity C7, (iii) cortico-reticular (PY—RE) connectivity C8, and (iv)
thalamo-cortical (TC—PY) connectivity C9. These parameters are highlighted in Figure
4.4(b).

In Figure 4.4(c), we have charted the model dynamics for variations in cortico-cortical
parameter (C1) with respect to cortico-thalamic parameters (C7, C8, and C9). In the blue
regime of the parameter space, the system resides in the background state of fixed point
dynamics. This represents seizure free activity, similar to most models (Breakspear et al.,
2006; Jirsa et al., 2014; Sinha et al., 2016; Wang et al., 2012). In the orange regime, however,
the model exhibits spike-wave dynamics. Spike-wave discharges are typically noted as the
clinical marker of pathological seizure activity in many types of IGE syndrome. Therefore,
the orange regime of the parameter space represents the pathological region where seizures
would ensue. In addition, the model is also capable of producing monostable fast oscillatory
dynamics in the region of 20-30 Hz (grey regions), which could represent additional seizure
patterns (Wang et al., 2012, 2017). For the purpose of this study, we consider both the
orange and grey region to be epileptogenic. Note that we do not assume a specific dynamic
mechanism by which seizures occur (i.e., if the seizure occurs due to some slow parameter
change; or due to spontaneous noise-driven transitions, which are possible in bistable states
(Baier et al., 2012; Silva et al., 2003; Wang et al., 2014)). Rather we only wish to highlight
parameter regions that can support seizure dynamics in principle (in other words, where a
seizure attractor exists or co-exits). Our model also features a bistable region, where fixed-
point and SWD attractors coexist (Appendix C.4), thus we are not excluding any particular
mechanism of ictogenesis. In our modelling framework, connectivity parameters for patients
would assume a value such that the dynamics are placed in the epileptogenic (orange, grey)
region where seizures occur whereas, the connectivity parameter for controls will be in
seizure free (blue) region. Nonetheless, we have shown the subdivisions of the parameter
space with exact dynamics in the bifurcation plot, capturing the minima and maxima of

simulated time-series for representative parameter values in Appendix C.4.
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Fig. 4.4 Computational model combined with neuroimaging analysis predicts potential
mechanism of epilepsy manifestation. a) Discriminatory decision boundary between pa-
tients and controls inferred from a logistic regression model by incorporating the residuals
of mean gFA of combined cortico-cortical and cortico-thalamic alterations as features. b)
Schematic of thalamo-cortical dynamical model. C1 represents the lumped cortico-cortical
connections, C9 is the connection from thalamus to cortex, C7 indicates the connection
from cortex to thalamocortical relay cells, and C8 is the connection from cortex to thalamic
reticular nucleus. ¢) Model dynamics colour-coded by behaviour in parameter space. C1 is
shown against C7, C8, and C9, with representative two-dimensional slices of the parameter
space. The blue region marks the fixed-point dynamics representative of healthy seizure-free
activity. The orange and grey regions exhibit spike-wave and fast oscillatory seizure dynam-
ics. Arrows indicate potential ways in altering connectivity that can render a healthy brain
to become epileptogenic, according to the model. d) Three dimensional slices indicating
that the bifurcation orientation is preserved in C8-Cl1 slices even with changes in C7 and C9
parameters. €) An example clinical seizure in IGE is compared with the one simulated from
the model in the bistable regime. The model parameter is marked with a corresponding star
in ¢).
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An example of clinical seizure recorded from the EEG of an IGE patient is shown in Figure
4.4(e). Note the spike-wave discharges (SWD) occurring during seizures. In addition to the
clinical spike-wave dynamics, we also show SWD-like signals generated by our model. As
evident, in the model, many key features of clinical spike-wave seizures can be reproduced,
including repeating SWD oscillations, morphology of SWD, change in frequency, and fast

spike followed by a slow wave.

Connectivity alteration inducing seizure dynamics

The tracts obtained from diffusion MRI analysis are not directed, even though fibre tracts in
the human brain are directed. To investigate this, in the model we incorporated directional
thalamo-cortical connectivity parameters, which may allow us to predict specific thalamic
connections that could lead to seizure dynamics. We scanned each directed thalamic connec-
tivity parameter in the model (C7, C8, C9) with respect to the cortico-cortical connectivity
parameter (C1) and determined the bifurcation orientation separating the normal and patho-
logical dynamics as shown in Fig. 4.4(c). With connectivity alterations unconstrained in the
model, a number of parameter changes in e.g., C1, C7, C8, C9 can lead to epileptogenic
dynamics. Therefore, we constrain the model by validating the orientation of bifurcation
in parameter space with the orientation of decision boundary between patients and controls
which we previously detected from our imaging data (Fig. 4.4(a)). Using imaging data is
crucial to constrain the parameter space of the model within biologically informed bound-
aries. These constraints facilitate making model-based predictions while also maintaining

concordance with the imaging observations.

Imaging analysis in previous sections revealed that the patients have a decreased cortico-
cortical connectivity and increased thalamo-cortical connectivity. Thus, the decision bound-
ary has a positive slope with patients (controls) occupying the space above (below) the
decision boundary. This observation concords with the bifurcation orientation between
cortico-thalamic connections to reticular nucleus (PY—RE, C8) with respect to cortico-
cortical connections (PY—PY, C1) as shown in Figure 4.4 (panel c(i)). In this panel, the
seizure and seizure free regime are separated with a positive slope with the former above the
later. This, however, is not the case in Figure 4.4 (panel c(ii)) for C1 vs. C9 and in Figure
4.4 (panel c(ii1)) for C1 vs. C7. In both these panels, the bifurcation orientation between
the region supporting spike-wave and fixed-point dynamics have a negative slope that does
not agree with the dMRI data. Therefore, the model implicates the role of thalamic reticular

nuclei in seizures which was not otherwise observable from neuroimaging analysis alone.
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Note the bifurcation orientation between cortico-reticular connections (C8) with respect to
cortico-cortical connections (C1) is preserved with slight perturbations in parameter C7 and

C9 as shown in Figure 4.4(d), suggesting robustness of the result presented.

An exemplary point representing the control population in the region of the normal seizure
free dynamics is shown by a circle in green. The model predicts various routes that may place
the healthy dynamics in controls to the pathological regime where spike-wave dynamics
manifest. As illustrated by the arrows, reduction of cortico-cortical (C1) parameter (purple
line), increase in C8 parameter (orange line), or a combination of the two (cyan line) can

induce a bifurcation to spike-wave dynamics in the model.

Putting together our model predictions, it appears that the localised alterations in white matter
structures contribute to the mechanism of seizures in IGE. After model validation (matching
the decision boundary from the dMRI data to our bifurcation orientation), our proposed
model suggests that epilepsy manifest due to enhancement of white matter connections from
cortex to reticular nuclei coupled with reduction in cortico-cortical connections. Additionally,
the model predicts that reducing the cortico-reticular connectivity can place the model in the
normal seizure free regime again, thus offering a target which may be of therapeutic value in
IGE.
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4.5 Discussion

The main objectives of this study were a) to determine any anatomical abnormalities in
white-matter structures in patients with mixed syndrome IGE, and b) to suggest plausible

mechanisms of the pathogenesis in IGE.

We applied diffusion MRI Connectometry to identify localised structural connectivity ab-
normalities not evident using conventional whole-tract based approaches (Figure 4.2(a, b)).
In doing so we identified a likely anatomical substrate for the reduced DMN functional

connectivity already demonstrated in the same subjects by (McGill et al., 2012).

Analysing the whole-brain white matter structure, we found that patients have decreased
cortico-cortical connections consistently in parts of cingulum tracts, fornix, and superior
longitudinal fasciculus. However, patients have increased connection strength between
thalamic and precentral areas. To understand potential mechanisms, we incorporated our
imaging findings into a computational model of thalamocortical interactions. Our modelling
framework suggests increased cortico-reticular connectivity coupled with loss of cortico-
cortical strength mechanises epileptogenesis in IGE. To our knowledge, this is the first
study that combines diffusion imaging with computational modelling to underscore the
pathophysiology of IGE being due to impaired white matter structure underlying cortical

regions and cotico-thalamic projections of reticular nucleus.

Methodological considerations

In terms of cohort, our sample size of 14 patients is small; however, this is comparable to
several previous studies of diffusion MRI analysis in IGE (Focke et al., 2013; Lee et al., 2014;
Liu et al., 2011), and reflects the fact that diffusion weighted imaging is not routine in the
clinical management of patients with IGE. The sample size distribution of 14/18 at p = 0.05
can detect effect size more than 1.2 with 95% statistical power but effect size of 0.9 with only
82% statistical power. High effect size occurs in shorter tracts at high t-scores indicating
that we are adequately powered to detect more significant abnormal tracts at a shorter length.
Reassuringly, the pattern of abnormalities in tracts at shorter length is consistent with the
pattern of cortico-cortical reductions and thalamocortical increases. Our patients were also
not drug naive; therefore, it is unclear how our results may be confounded with the effects of
medication. Finally, the association between the loss of structural connectivity and functional

connectivity between MPFC and PCC should not be simplistically assumed as one driving the
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other. Honey et al. 2009 has suggested interregional distance, direct, and indirect connectivity
may be additional contributory factors amongst others. Our report of consistent finding
across modalities needs more investigation on the exact causal relationship by considering
other contributory factors. Although McGill et al. 2012 reports a significant correlation
between functional connectivity and epilepsy duration, we did not detect any significant
correlation between clinical parameters (i.e., age of onset, epilepsy duration) and altered
white-matter structure. Regardless, any correlation does not imply causation; for the given
cohort of patients, it remains unclear if these alterations are a) cause of epilepsy, or b) effect
of prolonged seizures. A longitudinal study of drug naive cohort is required to disentangle

these cause-effect relationships and potential drug effects.

Different approaches can be applied to analyse diffusion MRI. Track based spatial statistics
(TBSS) has been widely applied in various studies (Smith et al., 2006), including in epilepsy
(Focke et al., 2013; Gong et al., 2017; Groppa et al., 2012; Lee et al., 2014; Li et al., 2010;
McGill et al., 2014; O’Muircheartaigh et al., 2011). TBSS is a skeleton-based approach
in which a mean FA skeleton is constructed and compared between the groups. While
TBSS is an automated approach which has overcome some of the drawbacks of VBM
based approaches (such as smoothing, alignment, and reproducibility issues), it still has
some limitations. Summarising FA maps into a mean skeleton incurs loss of data; this may
not make use of the information from the crossing fibres (Abhinav et al., 2014b). These
problems have been overcome in diffusion MRI Connectometry which uses multiple fibre
skeleton (multiple fibre orientations per voxel) to sample the diffusion quantities on ODFs. It
incorporates g-space diffeomorphic reconstruction, a model-free reconstruction approach
based on generalised g-sample imaging which has been shown to resolve the crossing fibre
problem efficiently (Abhinav et al., 2014b; Yeh and Tseng, 2013; Yeh et al., 2013b, 2010,
2011).

Converging evidence of connectivity dysfunction

The role of the thalamus in the pathogenesis of epileptic seizures has been long recognised
(Avoli, 2012; Gloor, 1979). Simultaneous EEG-fMRI analysis has shown bilateral thalamic
activation and deactivation of default mode network (Gotman et al., 2005; Moeller et al.,
2010). This has further been corroborated with Positron Emission Tomography (PET) studies
in which focal increases in thalamic blood flow have been reported (Prevett et al., 1995).
Although a decrease in thalamo-cortical functional connectivity has been suggested between

thalamus and frontal cortex (Kim et al., 2014), we did not detect any differences in the
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corresponding anatomical connectivity (Appendix C.3), nor was it detected in (McGill et al.,
2014). Our findings of bilateral increased thalamo-cortical connectivity are in particular
agreement with the study of Groppa et al. 2012 who also demonstrated alterations to FA in

the thalamus and juxtacortical precentral areas.

The thalamic reticular nucleus is a part of circuitry normally responsible for generating
healthy oscillations, such as sleep spindles (Fuentealba and Steriade, 2005). Several studies
have shown that pathological use of this circuitry results in manifestation of generalised
spike-wave discharges (Beenhakker and Huguenard, 2009; Huguenard and McCormick,
2007; Lacey et al., 2012; Meeren et al., 2005). Recently, EEG-fMRI analysis performed on
IGE patients during early sleep stages revealed enhanced functional connectivity between
thalamus and somatomotor region (which include precentral gyrus), amongst other regions
(Bagshaw et al., 2017). These reports essentially complement our finding on abnormally
high cortico-reticular anatomical connectivity as one of the contributory structures involved
in mechanising epilepsy. We hypothesise based on our findings and from our model that
abnormal input to the reticular nucleus from cortex can alter its normal inhibitory mechanism

to generate pathological seizure activity.

We observed a reduction in white matter connections including the superior longitudinal
fasciculus (SLF), fornix, and cingulum. SLF alterations were previously reported by (Focke
et al., 2013) who also found reductions in FA in a cohort of 25 patients. Similarly, a study by
(Lee et al., 2014) demonstrated microstructural alterations in thalamo-cortical and cortical-
cortical connections in a cohort of 14 patients using diffusion kurtosis imaging. Furthermore,
(Liu et al., 2011) showed FA reductions in the SLF in a group of 15 patients with JME. The
study of (Liu et al., 2011) is in further agreement with ours since they also demonstrated FA

reductions in regions of fornix and cingulum.

In this study, we found that parts the cingulum tracts had reduced tract integrity in patients.
This is in agreement with functional MRI reductions between PCC and MPFC in the same
cohort of patients investigated by (McGill et al., 2012). Cingulum tracts have been previously
identified as the only direct anatomical pathway between PCC and MPFC (Heuvel et al.,
2009). While one may expect a loss of function with loss of structure, which is also evident
from our results on compromised cingulum fibres, the exact relationship on how (direct, or
indirect) anatomy constrains function and vice-versa is unclear. For example, interregional

distance as well as direct or indirect connectivity have been suggested to be additional
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contributory factors (Chu et al., 2014; Honey et al., 2009). Our result suggests a direct

structural correspondence for the previously reported functional alteration.

By combining a dynamical model with imaging findings, we have shown evidence of how
the white matter alterations in cortico-cortical and cortico-reticular structures may mechanise
seizures. This is one of the key novelties of our study. With regard to the hotly debated topic
of where the seizures manifest first, in cortex or in thalamus, we do not resolve that in this
study as it would require simultaneous investigation of function and structure. However, there
is a general consensus that the pathological mechanisms in generalised epilepsies are due to
(1) increases in thalamo-cortical activity and (ii) broad decreases (with some possible regional

increase) in cortico-cortical interactions (Blumenfeld, 2002, 2003; Duncan, 2005).

Model consideration

We investigated the mechanism of epilepsy genesis in a two-subsystem neural population
model of thalamo-cortical interactions. Note that epilepsy genesis (an increased propensity
for seizures) is conceptually different to seizure genesis (mechanism underlying a specific
transition to a seizure state), which we do not investigate here (Pitkdnen and Engel, 2014).
The physiological basis of the model is based on the experimental evidence of connectivity
shown by (Pinault and O’brien, 2005) and the references therein. Therefore, the resulting
dynamics ensuing in coupled neural populations makes the computer model an apt framework
for studying the effect of connectivity alteration between cortex and thalamus—as adopted
in several other studies (Chen et al., 2017; Fan et al., 2017, 2016). Other models of seizure
discharges comparable to the model incorporated here are: Destexhe 1998 at microscopic
scale of individual neurons, Robinson et al. 2002 at a macroscopic scale of neural populations,
along with phenomenological models Jirsa et al. 2014, spatially extended models (Goodfellow
et al., 2011; Taylor et al., 2013b) amongst others (Bhattacharya et al., 2016; Breakspear et al.,
2006; Lytton, 2008; Marten et al., 2009; Yousif and Denham, 2005). The mechanism of
SWD generation in these models may share some similarities, e.g., most models utilise the
slow-fast bursting mechanism (Izhikevich, 2006). Recently, a single framework of diverse
bursting patterns has been suggested, enabling a unified classification of the mechanism
and parameter changes leading to SWD in each model (Saggio et al., 2017). Using such a
framework would be the next step to compare models and understand the full implication of

our highlighted connectivity changes.
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Conclusion

Case history and visual inspection of epileptiform activity on EEG are currently the standard
tools for clinical diagnosis of IGE. Often case histories are unreliable, and about 10% of
epilepsy patients never show epileptiform discharges (Smith, 2005). These EEG negative
patients could either have IGE or focal epilepsy. Misdiagnosing epilepsy classification
and treating with inappropriate anti-seizure medication incurs high-cost (Juarez-Garcia
et al., 2006). There is a need for developing diagnostic biomarkers for accurate epilepsy
classification (Pitkdnen et al., 2016; Smith, 2005) and some efforts to devise quantitative
diagnostic tools based on resting-state EEG have been made (Schmidt et al., 2016). Furthering
these attempts, we have identified non-invasive, MRI-based markers for discriminating
patients with IGE. Structural changes are likely to occur at a much larger time-scale as
compared to the dynamical properties of electrographic activity. Therefore, in a clinical
setting, our discriminatory framework may be useful as an anatomical biomarker, although

reproduction in a separate dataset would be important to verify its generalisability.

In conclusion, we found that patients with IGE have anatomical abnormalities in white-
matter thalamo-cortical and cortico-cortical connections which are strikingly bilateral. We
have demonstrated how a computational model can enable us to move beyond statistical
observations in data to suggest a possible mechanism of IGE manifestation. Our analysis
suggests the importance of increased directed connectivity from cortex fo the thalamic
reticular nuclei. The observed change creates a bistability in the network dynamics of our
model — permitting the occurrence of occasional pathological epileptiform discharges. Taken
together, our work may be of clinical interest for diagnostics, and the mechanistic insight

suggests specific structural targets for the next generation of therapies in IGE.



Chapter 5

Discussion

5.1 Summary of key findings and implications

This thesis studied the abnormalities in the whole-brain structural network and white-matter
fasciculi of patients with intractable temporal lobe epilepsy and mixed-syndrome idiopathic
generalised epilepsy. We statistically quantified abnormalities in the whole-brain and assessed
its association with a) seizure outcome after epilepsy surgery in focal epilepsy, b) patient
susceptibility to secondary generalised seizure, and c) epileptogenesis mechanisms in primary

generalised seizures.

Chapter 2 showed that drug-resistant epilepsy patients are heterogeneous in terms of their
brain network abnormalities. Some network abnormalities may remain after surgery, and
those remanent network abnormalities associate with persistent seizures after surgery. We
harnessed the heterogeneity between patients by combining patient-specific routine clinical
attributes with network abnormality data for predicting the probability of seizure recurrence.
This chapter showed that it is possible to identify a patient’s predisposition to seizure
recurrence before they are operated on, which would help counsel patients appropriately
before the surgery and get an idea about which patient may need a longer follow-up and

closer monitoring after the surgery.

Chapter 3 showed that more and widespread abnormalities are present in patients with drug-
resistant TLE and focal to bilateral tonic clinic seizures. The underlying abnormal structural

network substrate likely supports the rapid spread of seizure activity in FBTCS. This chapter
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showed that it is possible to quantify a patient’s susceptibility to FBTCS, which would help
identify patients at risk to these severe seizures; thus, it would caution our clinicians before

tapering their seizure suppressing medications.

Chapter 4 showed that local abnormalities in major white-matter fasciculi are present in
patients with IGE. Even though an IGE patient’s MRI appears normal to an expert radi-
ologist, the microstructural alterations to the white-matter structure have a typical pattern
of cortico-cortical decreases and cortico-thalamic increases. Though these changes are
patient-specific, we can draw a clear decision boundary to separate patients from controls,
thus reducing the chances of misdiagnosis. This chapter suggested a likely mechanism of
epileptogenesis by implicating the role of cortico-reticular connection; a targeted treatment
on these connections might be useful to those at risk of developing epilepsy and can be tested

on animal models.

Chapter 2 and Chapter 3 show the relationship between structural network abnormality,
seizure recurrence, and the presence of FBTCS. In patients with intractable seizures, node
abnormality is significantly increased compared to controls. Increase in node abnormal-
ity links with the likelihood of focal seizures recruiting widespread bilateral areas before
surgery and seizures persisting after surgery. Chapter 3 and Chapter 4 shows a relationship
between widespread network changes in secondary-widespread seizures and focal changes
in primary-widespread seizures. Primary-widespread seizure in IGE, controlled with seizure
suppressing medication, is associated with widespread, more focal abnormalities in white
matter structures. Secondary-widespread seizures, poorly controlled with seizure suppressing
medications, are associated with widespread abnormalities. These chapters, taken together,
suggest that uncontrolled seizures induce abnormalities in the brain network, and those
abnormalities drive a patient to intractability. Conversely, controlled seizures would restrain
the progression of abnormalities, and when those abnormalities plummet to a baseline control

level, epilepsy patients remit from seizures.

While this thesis addresses some of the critical treatment challenges outlined in chapter 1,
several steps remain before translating our approach into clinical practice. The following
sections will discuss the challenges to be addressed and some avenues for future research in

light of our findings.
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5.2 Challenges to be addressed

This thesis raises a critical question of whether the diffusion abnormalities reflect the un-
derlying pathology that causes a patient to have poor seizure outcomes and greater seizure
spread, or are they the consequence of epilepsy and a biomarker of damage by seizures. All
studies in this thesis were cross-sectional in design. Even though we quantified, mapped,
and discovered an association with diffusion MRI abnormalities, we could not ascertain any
causative relations to surgical outcomes and seizure spread. Though some studies hypothesize
that the white matter changes are secondary effects rather than causal, longitudinal studies

are needed to answer this question (Hatton et al., 2020).

The experiments in this thesis were not sufficient to elucidate the pathophysiological mech-
anism of ictogenesis or epileptogenesis. As described in this thesis, diffusion MRI abnor-
malities would be useful to be considered alongside routine clinical data to enable better
patient stratification. However, it is essential to note that correlations are not mechanisms; a
mechanism can explain many correlations. Disease-modifying treatments—counteracting
epileptogenesis, seizure modification, and cure—necessitates an understanding of pathophys-
iological mechanisms (Pitkénen and Engel, 2014; Pitkidnen et al., 2016). Animal models
informed with computational approaches described in this thesis presents an excellent oppor-

tunity to elucidate the pathophysiological mechanisms of epilepsy (Liou et al., 2018).

All studies in this thesis were retrospective in design with data acquired at a single epilepsy
centre. This thesis could only include the data for temporal lobe epilepsy patients and a small
sample of mixed-syndrome IGE patients. All patients were taking anti-epileptic drugs and
were not drug-naive. The uncertainties about treatment outcomes are known to be even higher
for extra-temporal lobe and non-lesional epilepsy patients. The effect of anti-epileptic drugs
on brain networks is unclear. These are confounding factors that can limit the translation of
our work into clinical practice. Therefore, a large scale replication study on a heterogeneous
cohort of epilepsy patients from multiple centres is crucial. To enable these endeavours,
we have made all the codes and data presented in this thesis publicly available. However,
there would still be challenges associated with data harmonisation, which some studies are
beginning to tackle by applying methods like ComBat (Hatton et al., 2020; Yamashita et al.,
2020).
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5.3 Avenues for future research

5.3.1 Functional network abnormalities

Refractory focal epilepsy patients have increased functional network connectivity in seizure
onset regions of the brain—resection of these hyperconnected brain areas associated with
increased chances of seizure freedom (Englot et al., 2015; Lagarde et al., 2018; Narasimhan
et al., 2020; Shah et al., 2019b). This thesis shows that fewer structural brain network
abnormalities remaining after surgery is associated with seizure-free outcome. Are ictogenic
regions which are hyperconnected also have increased functional network abnormality? The
gap in our understanding requires mapping the functional network abnormalities to reconcile
them with structural network abnormalities and hyperconnectivity of seizure onset regions

for identifying the epileptogenic network.

We can hypothesise that when surgery overlaps with hyperconnected brain areas, which are
also abnormal, the patient will have a good seizure outcome and a lower likelihood of seizure
relapse. A low concordance between functional network hyperconnectivity and abnormality

would lead to persistent seizures post-surgery.

Mapping patient-specific functional network abnormalities require healthy functional con-
nectivity from a population of controls. A standard preprocessing pipeline can estimate the
resting-state functional networks from non-invasive modalities, like fMRI, MEG, or EEG
for healthy subjects. In invasive modalities such as SEEG/ECoG, computation of healthy
functional networks have been made possible by some recently established approaches
(Betzel et al., 2019; Frauscher et al., 2018). We can compare every link of the functional
connectivity network in patients with the equivalent link in the control population to infer
how abnormal the functional connection is. We can then compare the node abnormality from
the abnormal/z-scored functional connectivity network and the node strength of the original

functional network while relating them to the location of surgery and seizure outcome.

The results from such a study could locate the hubs in the brain, and then grade the hubs as
normal or abnormal. Hubs are known to have an association with post-surgery seizure out-
come (Gleichgerrcht et al., 2020). Studying normal/abnormal hubs and surgery information
may help devise a more targeted treatment, which is now becoming possible with minimally

invasive laser ablation procedures.
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5.3.2 Coupling between structural and functional networks

Structural and functional brain networks correlate at multiple temporal and spatial scales
(Honey et al., 2009). Structural connectivity constrains functional connectivity, and functional
connectivity modulates structural connectivity via mechanisms of plasticity (Chu et al., 2014).
Surgery disrupts the structural epileptic network to control abnormal functional network
dynamics (Shah et al., 2019a). Therefore, it is crucial to investigate the changes in structure-

function coupling due to surgery and its link to post-surgical seizure freedom.

We can hypothesise that stronger structure-function coupling is associated with seizure free
outcomes because structural alteration by surgery can better modulate function in a strongly

coupled network.

To test this hypothesis, we would need a structural connectivity matrix, a functional connec-
tivity matrix, and a measure of coupling. Information theory measures are applied routinely
on signals recorded from intracranial EEG to estimate functional connectivity matrix. To
infer the structural connectivity matrix, we can map each electrode on the pre-operative space
of diffusion MRI data and find the connections between electrodes through tractography
algorithms. The structure-function coupling can be tested by studying these matrices. We can
measure the corresponding functional connectivity for every structural connectivity present
between electrodes and assess a correlation as a coupling measure. Virtual surgeries by node
resection to this network model can quantify the effect of surgery on the structure-function
coupling (Kini et al., 2019; Shah et al., 2019a).

We expect such a framework to elucidate the association between structure-function coupling
measure and seizure outcomes after surgery. If such an association is present, surgery in
good (poor) outcome patients may likely have overlapped with regions whose removal would
boost (dampen) the resulting coupling between structural and functional networks. This
study can provide insights on how to perturb the structural epileptic networks for controlling

the functional dynamics (Khambhati et al., 2016).

5.3.3 Predicting locations for intracranial electrode placements

Many patients with drug-resistant focal epilepsy undergo intracranial EEG implantation for
localising epileptogenic brain tissues. Placing electrodes in the brain and waiting for seizures

to occur, some time for days, is arguably one of the most invasive diagnostic tests in medicine.
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We can reduce the invasiveness by guiding electrode placements. There is a need to predict
where to place the electrodes in the brain to collect data from epileptic networks and how

many brain areas need implantation (Duncan et al., 2016).

We can hypothesise that a combination of non-invasive whole-brain modalities like fMRI/MEG
and MRI can predict the aberrant functional dynamics captured by invasive electrode implan-

tations.

We can test this hypothesis in three steps. First, we need to identify the extent to which
whole-brain structural connectivity from MRI can predict functional network dynamics from
intracranial EEG data (Shah et al., 2019a). Such predictions enable us in identifying the struc-
tural connectivity biomarkers of seizure generation and progression observed on intracranial
EEG. Second, we need to determine how much correlation is present between functional
connectivity obtained from non-invasive whole-brain MEG/fMRI imaging and functional
connectivity from intracranial EEG (Murakami et al., 2016). This analysis will allow us to
identify non-invasive functional connectivity biomarkers of seizure generation and spread.
Third, we need to combine non-invasive biomarkers of structural and functional connectivity
to characterise epileptic network and predict brain tissues for electrode implantation (Betzel
et al., 2019; Goni et al., 2013). With the growing precedence of implanting stereotactic EEG
over intracranial EEG across epilepsy centres, this study would be hugely beneficial for

precise targeting of epileptic network and improving surgical outcomes.

5.4 Concluding remark

Developing practical tools for improving clinical care of epilepsy patients and reducing
misdiagnosis were the key goals of this thesis. We believe that quantitative methods are
crucial for developing individualised treatments. Quantitative approaches can unify the vast
multidisciplinary information, routinely collected from epilepsy patients. Complementing
clinical decision-making about a patient’s risk, evaluating the efficacy of a treatment, pre-
scribing follow-up timelines, hence, enabling better diagnosis and therapy is the ultimate

objective of such quantifications.

Making progress towards these goals, this thesis highlighted the importance of quantifying
diffusion MRI abnormalities in drug-resistant focal epilepsy and generalised epilepsy for

predicting surgical outcomes and seizure spread. We, as well as other groups, have envisioned
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a pipeline for integrating our quantitative approaches into clinical practice (Morgan et al.,
2020; Taylor et al., 2018). Our findings are significant because it merges the state of the art
network neuroscience, engineering, neurology, and neurosurgery towards making practical

tools for improving and standardising patient care in epilepsy.






Appendix A

TLE Surgery Supplementary

A.1 Imaging protocols and pre-processing pipeline

MRI data were acquired on a 3T GE Signa HDx scanner (General Electric, Waukesha,
Milwaukee, WI). Standard imaging gradients with a maximum strength of 40mTm ™! and

slew rate 1507 m 15!

were used. All data were acquired using a body coil for transmission,
and 8-channel phased array coil for reception. Standard clinical sequences were performed
including a coronal 3D T1-weighted volumetric acquisition (matrix, 256 x 256 x 170; in-
plane resolution, 0.9375 x 0.9375 mm with slice thickness 1.1 mm). Diffusion MRI data
were acquired using a cardiac-triggered single-shot spin-echo planar imaging sequence with
echo time =73 ms. Sets of 60 contiguous 2.4 mm-thick axial slices were obtained covering the
whole brain, with diffusion sensitizing gradients applied in each of 52 non-collinear directions
(b-value of 1200mm?s~! & = 21ms,A = 29ms using full gradient strength of 40mTm™")
along with 6 non-diffusion weighted scans. The gradient directions were calculated and
ordered as described elsewhere (Cook et al., 2007). The field of view was 24 x 24 cm, and
the acquisition matrix size was 96 x 96, zero filled to 128 x 128 during reconstruction, giving
a reconstructed voxel size of 1.875 x 1.875 x 2.4 mm. The DTI acquisition time for a total
of 3480 image slices was approximately 25 min (depending on subject heart rate). These

protocols are identical to our previous study (Taylor et al., 2018).

The pre-surgery and surgically-spared networks are generated as follows: the preoperative T1
image were parcellated into 114 cortical and subcortical regions of interest (ROIs) derived

from the predefined Geodesic Information Flow atlas and separately in 82 ROIs using the
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Freesurfer Desikan-Killiany atlas in the native space of each participant. We registered the
parcellated ROIs, resection mask, and tracts from deterministic tractography on dMRI data
in native space. The pre-surgical streamline network is the connectivity matrix depicting the
number of streamlines connecting two ROIs. The surgically-spared streamline network is
inferred after removing the streamlines that intersected the resection mask. By definition,
surgery can only cause an immediate reduction in the number of streamlines. Therefore, we
specified that the surgically-spared network contains only those network edges which are not
expected to change in streamline count following surgery (i.e., edges where their streamlines

do not pass through/into the resection cavity).
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Fig. A.1 Summary of processing pipeline (reproduced from (Taylor et al., 2018)) to generate
GIF network. The pipeline is applied to each subject.

We applied the same image pre-processing steps that we previously established on this data
in our recent study (Taylor et al., 2018). The image processing pipeline is summarised in the

flowchart reproduced from (Taylor et al., 2018).

Preoperative diffusion MRI data were first corrected for signal drift (Vos et al., 2016),
then eddy current and movement artefacts were corrected using the FSL eddy_correct tool
(Andersson and Sotiropoulos, 2016). The b vectors were then rotated appropriately using the
‘fdt-rotate-bvecs’ tool as part of FSL (Jenkinson et al., 2012; Leemans and Jones, 2009). The
diffusion data were reconstructed using generalised g-sampling imaging (Yeh et al., 2010)
with a diffusion sampling length ratio of 1.2. A deterministic fibre tracking algorithm (Yeh

et al., 2013b) was then used, allowing for crossing fibres within voxels, with seeds placed at
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the whole brain. Default tractography parameters from the 14 February 2017 build of DSI
studio software were used as follows. The angular threshold used was 60 degrees and the
step size was set to 0.9375mm. The anisotropy threshold was determined automatically by
DSI Studio. Tracks with length less than 10 mm and more than 300mm were discarded. A

total of 1,000,000 tracts were calculated per subject and saved in diffusion space.

To align the tracts with the ROIs we linearly registered the first non-diffusion-weighted image
to the preoperative T1 image and saved the inverse of this transformation matrix using FSL
FLIRT. We then multiplied every coordinate in every tract by this transformation matrix
to get the tracts in T1 space. The quality of the registration between tracts, ROIs, and the
resection mask was confirmed through visual inspection for all subjects. Since networks are
constructed in native space, this removes any mismatching of track types due to potential
non-linear registration issues which is advantageous compared to previous studies of network
change. To generate preoperative connectivity matrices, we looped through all tracts and
deemed two regions as connected if the two endpoints of the tract terminate in those regions.
This generated a weighted connectivity matrix in which each entry in the matrix represents
the number of streamlines connecting two regions. To generate surgically-spared connectivity
matrices, we performed the same process as above with one exception. Any tract that had
any point within the resection mask was excluded from building the matrix. The inferred
surgically-spared network therefore always had fewer streamlines than the preoperative

network.

A.2 SVM model design and nested cross-validation

We predicted the patient-specific probability of seizure relapse using 13 preoperative clinical
data, pre-surgery node abnormality, and the surgically-spared node abnormality. Preoperative
clinical data (mentioned in Table 1, S1) included: sex, epilepsy onset age, age at surgery,
epilepsy duration, number of anti-epileptic drugs taken preoperatively, history of status
epilepticus, evidence of secondary generalised seizures, side of surgery, preoperative MRI
pathology, evidence of hippocampal sclerosis, history of depression, history of psychosis,

and history of other psychiatric disorder.

We performed this using support vector machine (SVM) implemented in MATLAB ‘fitcsvm’
classification library (Guyon et al., 2002; Platt, 1999). We applied a linear kernel because

this enables the interpretation of weight vectors (i.e., the relative importance of each feature
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in the prediction), which were used to rank the importance of metrics in identifying patients
who would have suboptimal seizure outcome. SVMs were initially trained with all 15
preoperative metrics: 13 clinical, 1 pre-surgery node abnormality, and 1 surgically-spared
node abnormality. To identify the most informative metrics, after each round of SVM training,
we removed the least important metric (in terms of its weight vector) and trained a new SVM
with the remaining metrics. We repeated this process until only a single metric remained
(Fagerholm et al., 2015; Guyon et al., 2002). At each stepwise removal we recorded: a) the
performance of classifier in classifying totally seizure free (ILAE 1) and non-seizure free
(ILAE 3-6) patients, and b) the Spearman’s rank correlation between the predicted probability
of seizure relapse for each patient with the actual severity of seizure outcomes at one-year

after surgery (ILAE class).

The performance of the classifier was estimated using binary classification. Given that ILAE
2 patients tend to relapse (Table 1, S1), and thus, are in the spectrum between the totally
seizure free (ILAE 1) and non-seizure free (ILAE 3-6) patients, we first excluded the ILAE
outcome group 2 patients (Fairclough et al., 2017). With these patients removed, our dataset
consisted of 43 samples, 34 of which were labelled 1 corresponding to ILAE 1, and 9 were
labelled -1, corresponding to ILAE 3-6. On this dataset, we performed nested-cross validation
by combining a three-way split of the data (training-validation-testing) with leave-one-out
cross-validation (CV) and grid search for SVM parameter (box-constraint) tuning. This was
done to avoid upward bias in the metrics of performance estimates (Guyon and Elisseeff,
2003; Tsamardinos et al., 2018). Additionally, we avoided any bias in the selection of the
most discriminatory threshold pair (i.e., z-score and percentage abnormality) to determine
the node abnormality by computing it at every step of cross-validation after removing the
test subject (Smialowski et al., 2009).

Specifically, in nested-cross validation, an external leave-one-out is implemented in which
one patient is left out at every step for testing and the remaining patients used for training and
validation. Training and validation were performed in the internal leave-one-out CV in which
one patient is again left out for validation and the remaining used for model training combined
with model parameter tuning. In our analysis, we tuned the model on 100 logarithmically
spaced grid points between 1 and 10. At every point, the SVM is trained and its performance
tested using the patient left out for validation by estimating AUC. We selected the model
parameter that gave the highest cross-validated AUC. The classifier generalisation capability

is then evaluated by computing the classification AUC, accuracy, sensitivity, and specificity
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using the patient originally left for testing in the external cross-validation. We also noted
the probability with which each test patient was classified as non-seizure free. The intuition
being that the predictive model, though blind to the non-seizure free outcome categories (i.e.,
all ILAE 3 to ILAE 6 are labelled as -1), would classify the patients with worse surgical

outcome with a higher probability.

To determine where the ILAE outcome group 2 subjects fall on the spectrum, we treated
all 8 ILAE outcome group 2 patients as test subjects. SVMs were trained and tuned, as
described above, on all the remaining seizure free (ILAE 1) and non-seizure free (ILAE
3-6) patients (43 patients). On the classifier with highest discrimination between the seizure
free and non-seizure free patients, we tested the features of ILAE 2 patients to note only the
probability of classification to the non-seizure free group. We refer to these probabilities as
the likelihood of seizure relapse because a high probability indicates a predicted propensity
towards a non-seizure free outcome. Having obtained the likelihood of seizure relapse for all
51 patients, we compared this with the surgical outcome categories at year 1 and the actual
seizure relapse in five years post-surgery. Note that the labels for all training data are binary
and based on 12-month ILAE1 versus ILAE3-6 outcomes only. The model is therefore blind
to severity of outcome (i.e. ILAE class 2, 3, 4, 5), and also blind to outcomes beyond 12

months.

A.3 Inferring imprecise AED information

For one patient, the clinical metadata was incomplete—the number of AEDs taken by patient
43 was imprecise. To infer a value for the number of AEDs for this patient, we investigated
the predictive power of the remaining clinical data for AEDs prediction using multiple linear
regression. The fitting of the linear regression model was achieved using stats package in
R, which uses the Least Squares method to minimise the sum of the squares of residuals.
Initially, we included all available clinical data in the linear regression model. However, to
overcome multicollinearity and remove redundant predictors we discarded, at each round, the
predictor with highest p-value, until the regression model and its coefficients were statistically
significant. A significant model (p = 0.002) with normally distributed residuals (Shapiro-Test:
p =0.7159) was obtained using epilepsy duration as single significant predictor. The model
was used to predict, for the patient with missing data, the number of AEDs and its 95%

confidence interval.
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Fig. A.2 Prediction of number of AEDs for the patient with imprecise AED data. The number
of variables represents the number of predictors used by the model at each round. In panel a)
the solid line represents the predictive AEDs value and the dash lines the upper and lower
confidence interval. The adjusted 12 of the model at each round is shown in panel b)

Since number of AEDs cannot be a fraction, we predicted the number of AEDs taken by
patient 43 was 8. The following figure shows that the prediction performance remained
similar regardless the imprecise data being imputed, left unchanged, or with patient 43

removed from the analysis. Thus, our results are robust to this missing data.
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®
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07 o o © © .
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Fig. A.3 Consistent prediction performance was achieved regardless of how the imprecise
AED data for patient 43 was treated. The bar plot shows the average performance metrics of
SVMs in terms of AUC, accuracy, specificity, and sensitivity. The error bars represent the
standard deviation across each step-wise feature removal.



A.4 Consistency across thresholds for pre-surgery and surgically-spared networks 95

A.4 Consistency across thresholds for pre-surgery and surgically-

spared networks

1.3

45 -
1.1 4.2 1
3.9
@109
5| B33
. N 3

1 4 7 10 13 16 19 22 25
% abnormality

1 4 7 10 13 16 19 22 25
% abnormality

b)4‘5
4.2
3.9
[} 3.6
8 3.3
2 3
27
2.4 B
.1 e — —
1 4 7 10 13 16 19 22 25 1 4 7 10 13 16 19 22 25
% abnormality % abnormality
c) o8 d) 25
0.78 20 ﬂ
oy
L 15
8 0.76 <
074 %10 ’—F
072" L s
.
07— . 0
0 10 20 30 40 50 60 70 80 90 100 04 06 08 1 12 14
n Effect size

Fig. A.4 Association between node abnormality and surgical outcomes in pre-surgery and
surgically-spared network is consistent across thresholds.a) Effect size (d-score) for node
abnormality between ILAE 1 and ILAE 3+ groups in pre-surgery and surgically-spared net-
works. Positive effect size indicates higher node abnormality in ILAE 3+ patients compared
to ILAE 1 patients. Medium to large positive effects size, colour coded in red, are evident
across a large range of thresholds. b) AUC quantifying the discriminatory value of node
abnormality is shown at every point on the threshold grid for pre-surgery and surgically-
spared networks. ¢) 100 highest AUCs sampled from the threshold grid of pre-surgery and
surgically-spared networks in panel b) are plotted against each other. Relatively higher
AUC:s are apparent in surgically-spared networks. d) Histogram of effect size sampled from
pre-surgery and surgically-spared networks corresponding to the threshold values of 100
highest AUCs of surgically-spared network.
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A.5 Surgically-spared networks are more discriminatory

than the pre-surgery network

——hrn5 1
40 °
%)
Q 35
8 30 © °
c
=2
a) =
S 15 °© ]
c Sm8
4.5 L 107 osEne? —0 eP o0
© 00 o °) °
4.2 # 9 o o 6%0,
3-9 0 -] o -
%’ 3.6 ILAE1 ILAE2 ILAES+
S 33 Surgical Outcome

N 3
2.7

2.4
pq T pl— c)
1 4 7 10 13 16 19 22 25 ]
% abnormality 40 °
§ 35
o 30
S °
g 20 °
IS -
—g 10 Q 00 o % g
—_— o
® 5 g@g 8000 e
H 0 -] o o | ]
ILAE1 ILAE2 ILAE3+

Surgical Outcome

Fig. A.5 Surgically-spared networks are more discriminatory than the pre-surgery networks.
a) Corresponding to the threshold of highest AUC, results are shown for pre-surgery and
surgically-spared networks. b) Node abnormality computed from pre-surgery network
discriminates ILAE1 from ILAE3+ with an effect size of d = 0.78 [95%CI 0.04, 2.1] and
ILAE 2 from ILAE 3+ with an effect size of d = 0.55 [95%CI -0.95, 2.0]. Other statistical
estimates in pre-surgery network: ILAE1 (n=34) median 7.5 [95%CI 6, 8.5]; ILAE2 (n=8)
median 4.5 [95%CI1 3, 8]; ILAE3+ median 9 [95%CI 8, 17]. In comparison, node abnormality
computed from surgically-spared networks in c¢) discriminate ILAE1 from ILAE3+ with an
effect size of d =1.11 [95%CI 0.42, 2.2] and ILAE2 from ILAE3+ with an effect size of d =
0.61 [95%CI -0.92 2.04]. Other statistical estimates in surgically-spared network: ILAE1
(n=34) median 6 [95%CI 5, 7.5]; ILAE2 (n=8) median 3 [95%CI 2, 5.5]; ILAE3+ median 8
[95%C1 5, 10].
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Fig. A.6 The widespread effect of surgery in reducing node abnormality in seizure free
group is consistent across the thresholds. Furthering our results in Figure 2.4, we show the
difference between the number of lobes effected in seizure free and non-seizure free group
across thresholds in panel a). Positive differences in a) indicate that surgery effects the node
abnormalities in more brain areas of ILAE 1 group compared to ILAE 3+ group. Along the
two slices taken from the grid, the net effect of surgery is shown between ILAE 1 and ILAE
3+ groups in panel b) and c). The effect of surgery at each lobe is computed as: 1 — ratio of
proportion of abnormal nodes in ILAE]1 to ILAE3+. The net effect of surgery is computed as
the sum of the aforementioned ratio across all the ipsilateral and contralateral brain areas.
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A.7 Consistency with Desikan-Killiany parcellation scheme
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Fig. A.7 With networks inferred using Desikan-Killiany parcellation scheme the association
between node abnormality and surgical outcomes in pre-surgery and surgically-spared
networks are consistent across thresholds. a) Effect size (d-score) for node abnormality
between ILAE 1 and ILAE 3+ groups in pre-surgery and surgically-spared networks. Positive
effect size indicates higher node abnormality in ILAE 3+ patients compared to ILAE 1
patients. Medium to large positive effects size, colour coded in red, are evident across a large
range of thresholds. b) AUC quantifying the discriminatory value of node abnormality is
shown at every point on the threshold grid for pre-surgery and surgically-spared networks.
¢) 100 highest AUCs sampled from the threshold grid of pre-surgery and surgically-spared
networks in panel b) are plotted against each other. Relatively higher AUCs are apparent
in surgically-spared networks. d) Histogram of effect size sampled from pre-surgery and
surgically-spared networks corresponding to the threshold values of 100 highest AUCs of
surgically-spared network. €) At an example point on the threshold grid corresponding to the
highest AUC, the box plot shows significantly higher number of abnormal nodes in ILAE 3+
patient than in ILAE 1 patients.
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Fig. A.8 Change in node abnormality load between pre-surgery and surgically-spared net-
works. a) Reduction in the number of abnormal nodes between pre-surgery and surgically-
spared networks are shown for ILAE 1, ILAE 2, and ILAE 3+ patients. ILAE 3+ patients
have a greater number of abnormal nodes than ILAE 1 patients. Inspecting visually, the
reduction of abnormality load, apparent by the slope of the lines, are more in ILAE 1 patients
than in ILAE 3+. Reduction in ILAE 2 patients are intermediate to ILAE 1 and ILAE 3+.
b) The absolute reduction in abnormal nodes between pre-surgery and surgically spared
networks are higher on average in ILAE 1 patients but not statistically significant (p=0.14;
d=0.42 [95%CI -0.25, 0.84]). ¢) The proportional drop in the number of abnormal nodes
between pre-surgery and surgically-spared networks relative to the node abnormality load
pre-surgery is significantly higher (p=0.01; d=0.81 [95%CI 0.2, 1.4]) in the ILAE 1 patients
(n=34, median 0.2 [95%CI 0.14, 0.3]) compared to the ILAE 3+ patients (n=9, median 0.05
[95%CI 0, 0.15]). d) Equivalent of Figure 4 for ILAE 2 patients: Spatial reduction in node
abnormality due to surgery in ILAE 2 patients are also intermediate to ILAE 1 and ILAE
3+ patients. Bar plot shows the drop in surgically-spared network compared to pre-surgery
network in five ipsilateral (temporal subcortical, occipital, frontal, and cingulate) only.
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A.9 Permutation test for regression slope
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Fig. A.9 Steepness of regression slope obtained from robust regression tested for significance
using permutation testing (p = 0.004, number of permutations = 1000).

A.10 Association between seizure relapse and combined

clinical and network attributes
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Fig. A.10 On combining network features with clinical attributes association with relapse
is lost. The predicted 12-month likelihood of seizure relapse was estimated from the SVM
model at an example combination of features that yielded highest classification performance
(corresponding to Figure 2.5b-c). Amongst the patients who were initially seizure-free (i.e.,
ILAE 1 or ILAE 2 at year 1), the likelihood of seizure relapse was not different to those who
had a subsequent relapse.



Appendix B

FBTCS Supplementary

B.1 Widespread network alterations in MDD networks asso-
ciate with FBTCS

We applied NBS to compare MD weighted connectivity matrices of FBTCS+ and FBTCS-
patient groups with the control group. Figure B.1a) illustrate alteration of each connection
quantified by t-scores computed within the NBS analysis for FBTCS+ vs. control group
comparison on the left and FBTCS- vs. control group comparison on the right. Positive
(negative) t-score indicates increase (decrease) in MD of patients compared to controls.
We found that the higher positive t-scores were widespread across many connections in
FBTCS+ patients compared to FBTCS- patients. Figure B.1b) Applying NBS analysis, we
identified significantly increased subnetwork (connected component) at pre-specified t-score
thresholds in FBTCS+ and FBTCS- patient groups compared to control group. The number
of edges contained in the altered subnetwork represents the extent of alteration. We detected
that the FBTCS+ patients (in orange) have higher extent of alteration than the FBTCS-
patients (in teal) across all t-score thresholds. Figure B.1c) An example of significantly
increased connected subnetwork in FBTCS+ and FBTCS- patients; MD at every edge of this
subnetwork was reduced in patient with respect to controls with t > 2.5. While the altered
subnetwork is widespread in FBTCS+ patient group (upper panel), it is limited primarily
to the regions in the temporal, frontal, and occipital lobes in FBTCS- patient group (lower

panel).
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Fig. B.1 Widespread network alterations associate with secondary generalisation of temporal
lobe seizures. This figure is equivalent of Figure 3.2 for mean diffusivity weighted whole-
brain structural networks.

B.2 Separately analysing the left and right TLE

We repeated the NBS analysis after separating the left and right TLE patients. For the left
TLE analysis shown in the left panel Figure B.2(a-b) 32 patients had a history of FBTCS
(FBTCS+) and 10 patients had focal-only seizures (FBTCS-). For the right TLE analysis
shown in the right panel Figure B.2(c-d) 28 patients had a history of FBTCS (FBTCS+) and
13 patients had focal-only seizures (FBTCS-). As shown in Figure B.2 panel a) and c), we
found higher positive t-scores were widespread across many connections in FBTCS+ patients
compared to FBTCS- patients in both left and right TLE analyses. Figure B.2b-d) Applying
NBS analysis, we detected that FBTCS+ patients (in orange) have higher extent of alteration
than FBTCS- patients (in teal) across all t-score thresholds in both left and right TLE patients
analysed separately. Due to the reduced statistical power in FBTCS- patient group, we did not
detect any subnetwork that was significantly reduced at p < 0.05. Examples of significantly
reduced connected subnetwork in FBTCS+ and FBTCS- patients are shown in the inset of
panel d) for r > 2. These findings shown here for separate left and right TLE analysis are

consistent with our combined left-right TLE analysis shown in Figure 3.2.
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Fig. B.2 Widespread network alterations associate with secondary generalisation of temporal
lobe seizures even after separately analysing the left and right TLE patients

B.3 Computation of abnormality load

Figure B.3a-c We standardised (z-score) the FA weighted connectivity matrices for 60
FBTCS+ patients and 23 FBTCS- at each connection with respect to the corresponding

connection distribution obtained from 29 controls. Mathematically, this can be represented
(“g'g)nlrols 7kpqlient)
) 7]
Gp()ntrolx
ij

yi‘}""t”’“ is the mean FA of connection between node i and j across controls, and G{}""”"“ is

patient .

as , where k; ; is the FA of a connection between node i and j in patients,

the standard deviation of FA of connection between node i and j in controls. Figure B.3d
shows the z-transformed connectivity matrices for FBTCS+ patients and Figure B.3e for
FBTCS- patients. Note that majority of z scores in these standardised networks are positive,
i.e. FA of connections in patients were abnormally reduced. Figure B.3f-g We computed
node abnormality at every node (shown on the y-axis) as the ratio of total number of abnormal
connections to the total number of connections at that node. We defined abnormal connections
as those above a set z-score threshold (shown on the x-axis) ranging from 1.5 to 3.5 in steps
of 0.1. Figure B.3f shows the node abnormality for FBTCS+ patients and Figure B.3g for the
FBTCS- patients.
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Fig. B.3 Computation of abnormality load
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Figure B.3h-1 We identified abnormal nodes as those with node abnormality above a set node
abnormality threshold. Node abnormality thresholds (ranging from 0.01 to 0.20 in steps
of 0.01) are shown on the y-axis corresponding to every z-score threshold shown on the
x-axis. The range for z-score and node abnormality thresholds are empirically chosen. We
restricted the maximum range for z-score at 3.5 and node abnormality at 0.2 because beyond
these threshold values no to very few abnormal connections and nodes were detected in most
patients. At every pair of node abnormality threshold and z-score threshold, we identified
each node as normal (0) or abnormal (1). We defined abnormality load as the total number of
abnormal nodes identified at each pair of thresholds. Abnormality load for FBTCS+ patients
are shown in Figure B.3h and FBTCS- patients are shown in Figure B.3i. In Figure B.3j we
computed the discrimination between FBTCS+ and FBTCS- patients at every threshold pair.
Area under the receiver operator characteristic curve, a non-parametric measure of effect
size, is plotted at every threshold pair. While high effect size (shown in red clusters) occurs
at many threshold pairs, the star marks the threshold pair with the highest discrimination

between FBTCS+ and FBTCS- patients.

B.4 Node abnormality between FBTCS+ and FBTCS-
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Fig. B.4 Mean node abnormality of FBTCS+ patient group is higher than FBTCS- patient
group across the range of z-score threshold.

Solid line plots the mean node abnormality across all ROI in FBTCS+ and FBTCS- patient
groups at different z-score thresholds. Shaded lines show the mean node abnormality for
each ROI in FBTCS+ and FBTCS- group. Equivalent expanded figure at z-score threshold of
2.5 is detailed in Figure 3.4 of the manuscript.
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C.1 Connectometry analysis with seeding pre-defined re-

gions of interest

In this section, we extend our connectometry results of Chapter 4 to all the pre-defined
regions of interest (ROIs) in the JHU white matter atlas excluding the ROISs in cerebellum,
brain-stem, and corpus callosum. The corpus callosum defined in the JHU atlas overlaps
considerably with other ROIs, therefore, we instead chose corpus callosum ROIs from the
freesurfer Destrieux atlas. Additionally, thalamus-proper ROI was chosen from the Destrieux

atlas because it is not defined in the JHU white-matter atlas.

Connectometry analysis was repeated for each ROI set as seed. The pipeline followed is
the same as described in Figure 4.1. All parameters and threshold used are also the same
as described in Figure 4.1 and methods in Chapter 4. Results for each ROI are shown
in Supplementary Figure C.1 (presented in three parts). Tracts with significantly reduced
(increased) gFA in IGE patients are plotted for an example threshold value depicted in red

(blue) star in Supplementary Figure C.1.

As shown in Supplementary Figure C.1 panel (a) to (i), we found that only the cortico-cortical
tracts have significantly reduced gFA in IGE patients compared to controls. Additionally,
a significant increase in gFA was detected for the cortico-thalamic tracts illustrated in
Supplementary Figure C.1 panel (h) to (j). In panel (h) and (i), both significant increase and

decrease were detected for the seed ROI shown. However, the tracts showing decrease are the
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cortico-cortical tracts and increases are the cortico-thalamic tracts emanating via the seeded
ROI. Seeding only the thalamic ROIs from the Destrieux atlas (Supplementary Figure C.1
panel (k)) makes it apparent that the cortico-thalamic tracts are increased in IGE patients.
Note that in panel (k), in addition to the superior-inferior cortico-thalamic tracts shown in
blue, we also detected a few additional tracts shown in red. These are the fornix tracts which
are detected due to the partial overlap between the thalamic ROI defined in Destrieux atlas
and fornix (seeding thalamus also seeds some parts of fornix). gFA of the fornix tract bundles
by itself are not increased in the IGE patients compared to controls. Therefore, the abnormal
increase in tract integrity of IGE patients is driven by the superior-inferior cortico-thalamic
tracts shown in blue in Supplementary Figure C.1 panel (h)-(k). No significant increase or
decrease in gFA was detected between IGE patients and controls for any tracts upon seeding
the ROIs shown in panel (1)-(w). Colour coding of the tracts indicate direction as follows:

red, left-right; green, anterior-posterior; blue, superior-inferior.
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Fig. C.1 Connectometry analysis upon seeding pre-defined regions of interest (part 1)
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C.2 Connectometry analysis upon seeding the whole brain

We seeded the whole brain in connectometry analysis to visualise the tracts with increased or
decreased gFA between IGE patients and controls. As depicted by the white region in panel
(a) and (c), there indeed are tracts with significantly enhanced and reduced integrity. These
tracts are visualised at exemplary pair of threshold values in panel (b) an (d). Even though
visually it may be difficult to attribute the specific tract bundles that may be driving the
increases and decreases of mean gFA between patients and controls, consistent patterns are
quite apparent. For example, at thresholds (t = 2.2, [ = 32mm) in panel (b) cingulum, fornix,
superior longitudinal fasciculus, and optic radiations are reduced, whereas for the same point
in panel (d) cortico-thamic tracts are increased in IGE patients. These changes can, however,
be quantified region specifically upon seeding the individual ROIs (c.f., Supplementary
Figure C.1). Colour coding of the tracts indicate direction as follows: red, left-right; green,

anterior-posterior; blue, superior-inferior.
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Fig. C.2 Connectometry analysis upon seeding the whole brain.
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C.3 Thalamo-frontal white-matter integrity is preserved
in IGE patients

Confirming the results in McGill et al. 2014, we also find that the thalamo-frontal white-
matter connectivity is preserved in patients with IGE. End to end tracking was performed
between thalamus and medial prefrontal cortex ROIs. The thalamo-frontal tracts delineated
and the ROIs are shown on the brain schematic. Mean gFA residuals for voxels underlying
the delineated thalamo-frontal tracts were compared between the patients and control groups.
No significant difference was found in the delineated thalamo-frontal tract integrity. Colour
coding of the tracts indicate direction as follows: red, left-right; green, anterior-posterior;

blue, superior-inferior.

S 0.017 Not significant

p=045,d=0.112
. 0.005 o .
0 » i * . I . :

-0.005

’-/
\\
Residual gen. FA

-0.01

Control Patient

Fig. C.3 Thalamo-frontal white-matter integrity is preserved in IGE patients

C.4 Bifurcation diagram illustrating model dynamics

The fixed point dynamics (FPD) representing seizure free activity is shown in blue in panel
(e). The model is bistable in regions shown by panel (d). This means that for those parameter
conditions the dynamics can either be a fixed point or a spike-wave (SWD) - i.e. both states
coexist. With parameter setting in panel (c), the dynamics become monostable with only
spike-wave. In panel (b), the model captures a bistable spike-wave dynamics with fast
oscillatory dynamics (OD). Finally, the model is also capable of capturing a monostable fast

oscillatory dynamics shown in grey in panel (a).
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Fig. C.4 Bifurcation diagram illustrating detailed model dynamics.

Whole-tract based approach is less sensitive in detect-

ing local changes

Panel a) to delineate the white-matter tracts in the default mode network (DMN), we incor-

porated the DMN cortical parcellation scheme estimated by (Yeo et al., 2011) and performed

the conventional end-to-end tractography. As evident by the box plot, the residuals of gFA av-

eraged across the entire tract profile in the DMN is lower in IGE patients, but not significantly

different than controls (p = 0.12,d = 0.438). b) Similarly, by conventional end-to-end fibre

tracking the cingulum tracts connecting posterior cingulate cortex (PCC) with the medial pre-

frontal cortex (MPFC) are delineated. The box plot illustrates that the gFA residuals averaged

across these tracts are reduced in IGE patients, but not significantly different in statistical

sense from the control population (p = 0.09,d = 0.592). Colour coding of the tracts indicate

direction as follows: red, left-right; green, anterior-posterior; blue, superior-inferior.
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Fig. C.5 Whole-tract based approach is less sensitive in detecting significant regional differ-
ences in white matter structures.

C.6 Information on control subjects

Table C.1 Information on control subjects

Control Gender Age at MRI

Male 40.2
Female 35.2

Male 45.1
Female 25

Male 33.1

Female 20.9
Female 23.7
Male 33.3
Male 22.8
Female 30.5
Female 28.9

SNET I SRS —NE-T-CREN o NV P SOV SR

Male 26.9

Male 22.3

Female 21.7
Female 37

Female 46.5

17 Male 28.9

18 Male 21.6
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C.7 Values of the parameters incorporated in the model

Table C.2 Values of the parameters incorporated in the model.

Parameter

Interpretation

Value

Cl
Cc2
C3
C4
C5
C6
C7
C8
c9
T
(%)
T3
T4

hpy
hin
e
e
0
a

PY—PY connectivity strength
PY—IN connectivity strength
IN—PY connectivity strength
RE—RE connectivity strength
TC—RE connectivity strength
RE—TC connectivity strength
PY—TC connectivity strength
PY—RE connectivity strength
TC—PY connectivity strength
PY timescale
IN timescale
TC timescale
RE timesclae
Input PY
Input IN
Input TC
Input RE
Sigmoid threshold
Sigmoid steepness

Variable
38
25
0.1
2
1
Variable
Variable
Variable
0.033
0.013
0.065
0.065
-5
-15
10
5
4
1
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