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Abstract

For patients with drug-resistant epilepsy (DRE), resective surgery is the most effective
treatment to achieve seizure relief. Since no single diagnostic test can delineate the
epileptogenic zone (EZ), most clinical teams rely on the seizure onset zone (SOZ)
identified with intracranial electroencephalography (IEEG). However, SOZ localisation
requires prolonged recordings, carries risks, and does not always predict surgical
success. This underscores the need for reliable interictal biomarkers to improve

presurgical evaluation.

Epilepsy is progressively acknowledged as a network disease, and functional
connectivity (FC) studies have highlighted the role of network hubs as potential surgical
targets. Yet most studies have focused on conventional frequency bands, leaving higher
frequencies (>80 Hz) underexplored, even though high-frequency oscillations (HFOs) are
promising epileptogenicity markers. In this thesis, | extend interictal FC investigations at
higher frequencies and assess their value in quantifying the epileptogenicity of different

brain regions, identifying the EZ, and predicting surgical outcome in patients with DRE.

| analyzed iEEG from 18 patients, computing FC in data segments with and without
HFOs, using both directed and undirected techniques. Graph-theoretical metrics were
compared inside and outside the surgical resection across patients, revealing reduced
outward strength and clustering within epileptogenic areas, in all frequencies above beta.
Moreover, machine learning models trained on local network properties localised
epileptogenic tissue with up to 80% accuracy, while resection of “sink” nodes (outward
strength < threshold) predicted outcome with up to 83% accuracy. In addition, | evaluated
the temporal variability of FC in patients with multiple-night recordings, and showed that
network measures remained stable across four different nights, at multiple levels of

analysis.

Collectively, these findings suggest that high-frequency interictal FC could be a robust
and clinically valuable means of tracing epileptogenicity, and together with existing
literature can lay the groundwork for the transition of FC-based biomarkers from research

items to presurgical evaluation tools.
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Chapter 1

Introduction to the Thesis

1.1 Clinical motivation

Epilepsy is a chronic neurological disease characterised by recurrent unprovoked
seizures [1]. According to the World Health Organization (WHO), it affects
approximately 50 million people worldwide, and with a prevalence between 4 and 10
per 1.000 people, it is one of the most common and well-studied neurological
conditions [2]. The 2019 WHO global report on epilepsy predicts a further increase in
epilepsy cases due to the rising life expectancy and the increasing proportion of
people surviving insults that often lead to the disease, like birth trauma, traumatic
brain injury (TBI), infections of the brain, and strokes [3]. Children are at substantially
higher risk for epilepsy than young and middle-aged adults, with the incidence
increasing again in people above 60 years of age [4]. Most epilepsy cases start in
childhood, consistent with the developing brain's increased propensity for seizures
[5], with 26% of the patients having their first seizure before the age of one [6]. Its
incidence is higher (~80%) in low- and middle-income countries (Fig.1), something
that can be explained by the greater exposure to perinatal risk factors, higher rates

of central nervous system (CNS) infections, and TBIs associated with these nations

[7].
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Figure 1: Age-standardised prevalence per 100.000 of idiopathic epilepsy for both sexes
(2016). With permission from Global Burden of Disease 2016 Epilepsy Collaborators [8]

Regardless of demographic and aetiological factors, the burden of epilepsy is
high, as it carries neurological, cognitive, psychological, and social consequences.
Patients face a significantly increased risk of premature mortality (up to three times
that of the general population), which is either directly attributable to epilepsy, like
sudden unexpected death in epilepsy (SUDEP) and prolonged status-epilepticus, or
indirect causes like seizure-induced injuries, and suicide [3]. In addition, 1 out of 3
people with epilepsy will develop psychiatric comorbidities, with depression (23%)

and anxiety (20%) being the most prevalent in adults [9].

Nevertheless, epilepsy is a treatable condition, and around 70% of patients can
become seizure-free and have a normal life following an accurate diagnosis and a
systematic pharmacological treatment with commonly available antiseizure
medications (ASMs) [8]. However, it is estimated that around 30% of the patients
suffer from Drug-Resistant Epilepsy (DRE), as they present poor
post-pharmacological control and continue having symptoms [10], [11]. The exact
aetiology behind DRE is still unknown, however, what is now established is that the
most effective way for these patients to achieve seizure relief is through surgical

intervention [12].
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Epilepsy surgery is defined as the resection (or laser ablation) of the brain tissue
responsible for the generation of habitual seizures to render the patient seizure-free
[12]. The ultimate goal of epilepsy surgery is the removal of the Epileptogenic Zone
(EZ), which is a theoretical construct, defined as the cortical region that is
indispensable for the generation of epileptic seizures and at the same time the
minimal amount of tissue to be removed in order to achieve seizure freedom [13],
[14]. The success of the surgery largely depends on the accurate delineation of the
EZ during the presurgical evaluation of the patient, which is a rigorous procedure.
Despite the large number of available imaging and electrophysiological modalities,
like electroencephalography (EEG), magnetoencephalography (MEG), magnetic
resonance imaging (MRI), functional MRI (fMRI), etc., there is still no single gold
standard diagnostic biomarker of the EZ [15]. In the absence of a lesion (screened
through MRI), which would provide some initial guidance, the most established
biomarker is the seizure onset zone (SOZ) [15], the area where clinical seizures
originate. In clinical practice, though, removing the SOZ has been regularly proven
insufficient to achieve lasting seizure freedom, as the EZ usually extends beyond its
margins [16]. Epileptologists also pay great attention to interictal events (events that
occur at times between the seizures), like interictal epileptiform discharges (also
known as interictal spikes), which have been extensively studied and widely
recognised as an important biomarker of epileptic activity [17]. However, spikes lack
specificity, as the cortical areas they occur in can oftentimes be larger than the actual

EZ and thus can overlap with healthy surrounding tissue [18].

For the past 20 years, High-frequency oscillations (HFOs), which are short-time
oscillatory field potentials with frequencies typically ranging from 80 to 500 Hz, have
been regarded as a promising biomarker of epileptogenicity [19], [20]. Notably,
some studies have already proposed that HFOs are better and more accurate
epilepsy biomarkers compared to spikes [21], [22], [23], since they are believed to be
more closely related to the epileptogenic process. However, their clinical utility
remains extremely limited, mainly because the most reliable technique for detecting
them on the EEG, intracranial EEG (IEEG), and MEG signals is through visual
inspection of the data [24]. This procedure is very time-consuming and subjective

[25]. Together with the lack of expertise and necessary equipment in many epilepsy
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centres, and also due to the existence of physiological HFOs, their interpretation
during the presurgical evaluation is greatly compromised [19], [26]. As such, there is
an increasing need for new tools and approaches that could leverage the biomarker
value of HFOs for the localisation of the EZ, while, at the same time, being more

objective, accurate, and time efficient.

1.2 Research Interests and Objectives

Except for the structural dependencies, the realisation that a number of distinct
and distant brain regions can be involved in the generation of seizures and interictal
events implies the existence of functional connections and network-level
organisation in the epileptic brain. In this sense, the idea that focal epilepsies are not
in fact so focal, and may be related to networks of varying scales, has been
gradually accepted in epilepsy research [27], [28], [29]. Indeed, nowadays it is
established that epilepsy is a disease of disrupted brain networks [30], [31].

Functional connectivity (FC) techniques combined with mathematical concepts,
like graph theory analysis, are valuable tools for quantifying these networks [32],
[33], [34]. Existing literature associates the epileptogenic areas with increased FC
during the interictal period and the resection of hub cortical regions with favourable
patient outcomes [35], [36], [37], [38]. However, the majority of published works have
studied the connectivity of the brain at the conventional frequency range, from delta
(0.5 Hz) to low gamma (60 Hz) [33], [39]. Since high-frequency activity (HFA) and
HFOs have been closely associated with the epileptogenic tissue, it would be of
interest to extend FC investigations to higher frequencies (> low gamma). Moreover,
prior studies emphasise the influence that interictal spikes can have on FC
computations [34], [40], [41], [42], [43]. Still, the impact that HFO events have on FC
and the associated networks remains largely unexplored. To enhance our
understanding of the brain’s functional integration during the interictal period, it would
be essential to investigate how FC patterns and network organisation across

different frequencies are modulated by the presence or absence of HFOs.
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The fact that functional connectivity tools lack clinical transition [44], despite their
potential advantages, highlights the need for focused research on the connectivity
features that define the epileptogenic process, and characterize the EZ in particular.
Thus, as addressed in Chapter 5, the aim is to “Study the characteristics and
biomarker value of functional connectivity tools in the epileptic brain” by answering

the questions:

RQ1: Does FC differ significantly when computed in data segments with and without
HFOs?

RQ2: Can specific functional connectivity measures differentiate epileptogenic from

non-epileptogenic tissue in DRE patients?

Additionally, the growing adoption of artificial intelligence (Al) and machine
learning (ML) tools in healthcare, particularly in diagnosis, has enabled
advancements in the automated identification of pathological regions in patients with
epilepsy [45], [46], [47]. Thus, as addressed also in Chapter 5, the objectives are to:
“‘Assess the capabilities of machine learning models trained on functional
connectivity properties in identifying epileptogenic tissue”, and “Test whether
resection of specific channel groups, determined by their connectivity profiles, can
serve as a predictor of surgical outcome in epilepsy patients”. To do that, | seek to

address the following questions:

RQ3: Can machine learning algorithms, trained on different functional connectivity

measures, predict channels that belong to the EZ?

RQ4: Does resection of hub/sink nodes (channels) in the generated networks predict

the surgical outcomes of DRE patients?

Finally, it is widely accepted that the robustness of newly proposed biomarkers
across different methodological conditions is crucial for their transition from research
to clinical practice. In that sense, stability of functional connectivity tools across
different recording days would strengthen the argument for their usefulness during
presurgical evaluation procedures. In addition, it has been recognised that in many
pathologies, impaired tissue is generally associated with increased stability (lower

entropy, stable connectivity, etc.), whereas healthy tissue is significantly more
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unpredictable, mainly due to its multifunctional role in the healthy brain [48], [49],
[50]. This concept can be extended in the context of epilepsy and be used for FC
stability-based localisation of epileptogenic tissue. Thus, as addressed in Chapter 5,
the objective is to “Investigate the stability of FC measures across different recording
days and assess its biomarker value for discriminating epileptogenic from non

epileptogenic tissue” by answering the questions:

RQ5: Are functional connectivity patterns stable across four different days of

recording?

RQ6: Does the stability of FC across separate days differ between epileptogenic and

non-epileptogenic tissue?

By providing answers to the above questions, this study aims to acquire a better
understanding of the functional organisation of the epileptic brain, while at the same
time providing useful directions for the tools that could contribute to the refinement of
the presurgical evaluation process through objective, time-effective, and reliable

approaches.

1.3 Structure of the thesis

Chapter 2 provides a background on epilepsy, describes the procedures of
epilepsy surgery, and introduces the concept of epilepsy as a network disease.
Chapter 3 reviews the current literature on interictal iEEG functional connectivity in
the epileptic brain. Chapter 4 details the dataset and describes the methodological
approach followed to generate the networks that serve as the basis for the different
investigations that | focus on during later chapters. Chapter 5 investigates the
network properties of epileptogenic and non-epileptogenic brain tissue, explores the
potential of ML models in identifying the EZ, and tests the clinical value of resecting
areas with specific network characteristics for predicting surgical outcome. Chapter 6
assesses the stability of functional connectivity patterns across different days of
iIEEG monitoring and evaluates its value as a biomarker for localising epileptogenic
tissue. Finally, Chapter 7 concludes the thesis by discussing the practical

applications and clinical translation of FC tools for the management of drug-resistant

epilepsy.
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Chapter 2

The Epileptic Brain

2.1 Epilepsy: Neurophysiology, clinical presentation
and treatment options

This section describes the basic neurophysiological mechanisms of epilepsy, its
clinical presentation in terms of the most common symptoms, and the treatment

options for drug-resistant patients.

2.1.1 Neurophysiology of epilepsy

The human brain relies on electrical signals to facilitate communication between
neurons and regulate its complex functions [51]. At the cellular level, this is achieved
through the generation of action potentials and their propagation across neurons
through electrochemical reactions based on excitatory neurotransmitters (mostly
glutamate) [51], [52]. At the same time, inhibitory neurotransmitters, like
gamma-amino-butyric acid (GABA), ensure sufficient inhibition to maintain controlled

neural activity, shape the main brain rhythms, and protect against neurotoxicity [53].

In the healthy brain, a delicate balance between excitatory and inhibitory
neurotransmission ensures stable and controlled neuronal firing (Figure 2A).
However, in epilepsy, this balance is disrupted, leading to abnormal and excessive
neural discharges. When hyperexcitability (a state where neurons are more likely to
fire) occurs in a synchronised neuronal population, an epileptic seizure is generated
[54]. Although the precise mechanisms of seizure initiation (ictogenesis) remain
elusive, mainly because epilepsy may have many etiologies [55], it is widely
accepted that conditions like TBI, tumours, stroke, infections, cerebral palsy,

intrapartum hypoxia, and genetic or neurodegenerative disorders can lead to
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long-term changes in neuronal circuitry (a process known as epileptogenesis [56],
[57]), which eventually leads to epilepsy (Figure 2B). Mechanistically, the disruption
of the excitation-inhibition balance can stem from disturbances in extracellular ion
homeostasis, altered energy metabolism, dysfunction of neurotransmitter receptors,

or altered transmitter uptake [52].

After a seizure is initiated, it can propagate in both adjacent regions (via local
cortical connections) and distant areas (via long association pathways) [52]. In
normal conditions, this propagation of activity could be prevented by the activation of
inhibitory neurons. However, in epilepsy, excessive neural firing leads to failed
inhibition and recruitment of neighbouring areas. Several pathophysiological
processes contribute to seizure propagation, including:

I. Elevated extracellular K* levels, which reduce hyperpolarising outward K*
currents and promote depolarisation of nearby neurons [52]

Il.  Increased Ca?* accumulation in presynaptic terminals, enhancing
neurotransmitter release [52]

[ll.  Sustained activation of N-methyl-D-aspartate (NMDA) receptors (promoting

further Ca** entry and reinforcing excitatory transmission) [52]

Seizure activity eventually ceases through mechanisms that are not fully
understood but may involve depletion of neurotransmitters, activation of inhibitory
circuits, changes in extracellular ion concentrations, and metabolic exhaustion of
neurons [58], [59].
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Figure 2: Electroencephalographic (EEG) pattern and neurotransmission in A)
normal/healthy conditions, and B) pathological/epilepsy conditions. Molecular, cellular, and
network changes occurring after an acquired brain insult reorganise the (local) connectivity
of the brain, which is characterised by unstable brain states that eventually lead to seizure

generation. NMDAR: N-methyl-D-aspartate receptors

2.1.2 Clinical presentation

Epilepsy is fundamentally characterised by its hallmark feature, the epileptic
seizure. Seizures (from the Latin sacire- “to take possession of’) have varying
presentations from unusual sensations, loss of awareness, involuntary twitching or
stiffness in the body, to more severe cases with loss of consciousness and
uncontrollable shaking [60]. According to the 2025 report of the International League
Against Epilepsy (ILAE), seizures are classified as focal, generalised, unknown or
unclassified [61]. Focal and generalised seizures are distinguished by the brain

regions involved at the time of their presentation.
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1) Focal seizures, which account for 61% of epilepsy cases [62], originate from a
specific area in one hemisphere of the brain and spread to other regions,
causing mild to severe symptoms depending on the extent of brain tissue that
becomes involved. Temporal lobe epilepsy (TLE) is the most common type
and accounts for approximately 60% of patients with focal epilepsy [63]. The
epileptic foci can be located either in medial structures (80% of cases), such
as the hippocampus or surrounding areas, or in lateral temporal areas (20%
of cases) [64]. When the seizure focus is located outside the temporal lobe,
the epilepsy is called extratemporal. The most frequent lobe involved in
extratemporal epilepsy is the frontal lobe, which accounts for 20%-40% of the
focal epilepsy cases [65]. Occipital lobe epilepsies are less common than
frontal lobe, while even more rare are seizures originating from the parietal
lobe. The main symptoms associated with focal seizures are summarised in
Table 1.

Table 1: Clinical manifestations of focal seizures by lobe of origin

Lobe of origin Key clinical features
Temporal lobe Focal aware (auras/simple partial
(~60% of focal epilepsies) Fear, limb jerks, rising epigastric sensation, unpleasant

smell; consciousness preserved [66]

Focal impaired awareness (complex partial
Orofacial/hand automatisms, motionless stare, dystonic
upper limb posturing [66]

Aphasia when the dominant hemisphere is involved [67]

Frontal lobe Unilateral tonic posturing, vocalisation (screaming,

(~20-40% of focal epilepsies) laughter), speech arrest (Broca’s area), repetitive
complex motor movements (e.g., bicycle pedalling, pelvic
thrusting) [65]

Occipital lobe Visual auras: hallucinations, transient blindness, blinking,
(Less common than frontal lobe) contralateral nystagmus [65]

Parietal lobe Sensory phenomena: heat, numbness, electrical
(Rare compared to other lobes) sensations, weakness, confusion [65]
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2) Generalised onset seizures originate from both hemispheres of the brain
almost simultaneously and are associated with more severe symptoms.
Impairments in these cases manifest bilaterally [68]. The different types of
generalised onset seizures alongside their associated symptomatology are

presented in Table 2.

Table 2: Clinical manifestations of generalised seizures by seizure type

Type of seizure Key clinical features

Absence Brief staring episodes; more common in children than
adults [69]

Myoclonic Shock-like jerks of the body, mainly arms, head, and

neck; brief duration of a few seconds [70]

Tonic Sudden muscle stiffness, often leading to falls or
injuries [70]

Atonic Loss of muscle tone causing collapse [70]

Tonic-clonic (Grand Mal) Two phases: (1) tonic phase with muscle stiffening and

loss of consciousness, followed by (2) clonic phase
with rapid, rhythmic jerks of limbs, lasting a few
minutes [70]

Extensive salivation and foaming in the mouth [71]

Given the heterogeneity of seizure types, individualised treatment approaches are

essential to optimise therapeutic outcomes in epilepsy.

2.1.3 Pharmacological treatment

Pharmacological treatment remains the primary approach in the management of
epilepsy, successfully preventing or reducing seizures in ~70% of diagnosed
epileptic patients [72], [73]. Nowadays, more than 30 Food and Drug Administration
(FDA)-approved ASMs are publicly available [74], [75]. This variety requires careful
selection of the proposed therapy plan (when to initiate treatment and which ASM to
use) based on a highly individualised risk-benefit analysis [76]. Important factors that
guide ASM selection are the patient’s epilepsy type, age, sex, comorbidities, and
concurrent medications [77]. Almost all ASMs are effective against focal seizures,

while for generalised seizures, a more limited variety of drugs with specialised
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mechanisms of action are available [76]. Nevertheless, all of the medicines currently
used act prophylactically, in a symptomatic manner, meaning that they target to
suppress and restrict seizures rather than having an impact on the disease process
[78]. The treatment plan for epileptic patients starts with a monotherapy intervention.
If the chosen ASM fails to control seizures, then the dosage is gradually increased,
or another monotherapy is selected, or sometimes a combination of two ASMs with
different modes of action is chosen [76]. Figure 3 graphically illustrates the main

antiseizure targets and drugs related to epilepsy treatment.
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Figure 3: Graphical illustration of the excitatory (glutamate) and inhibitory (GABA)
neurotransmission mechanisms, together with the main antiseizure drugs, grouped by their
target. Adapted from [79].

2.1.4 Drug-resistant epilepsy

Even though the majority of epilepsy patients can live seizure-free through
systematic pharmacological treatment, it is estimated that around 30% of the
patients suffer from drug-resistant epilepsy, as they present poor

post-pharmacological control and continue having symptoms [80]. The definition of
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DRE is debatable; however, it is generally accepted that at least two suitable and
tolerated ASM routines, whether as monotherapies or jointly applied, should first be
attempted in order for this term to be applied [10]. An aspect that complicates the
diagnosis of DRE is the high interindividual variation of epilepsy presentations, both
in terms of the frequency of the habitual seizures, while also in the severity of the
events in each patient [81]. These difficulties deem the establishment of a universal
diagnostic protocol for DRE almost impossible. However, the International League
Against Epilepsy has recently made efforts to alleviate the ambiguity around the
diagnosis of DRE by proposing specific standardised requirements [81]. Several
predictors are used to identify the patients at risk of developing DRE, with none,
however, being conclusive enough to be considered the gold standard. “Intrinsic”
factors such as idiopathic syndromes and causative neuropathology can play an
important role when assessing a patient for prospective DRE [82]. Moreover, the
response of the patient to the first provided ASM, family history, and a high number
of seizures at the time of diagnosis are also profound predictors for the development
of DRE [83]. The pathological reasons behind this condition have not yet been
completely understood. However, there are several hypotheses behind
pharmacoresistance in epilepsy. The “transporter” theory postulates that the
overexpression of efflux transporters present in the blood-brain barrier can reduce
the penetration of anti-seizure medications into the brain, limiting their effectiveness
[84], [85]. Moreover, the “network hypothesis” supports that neuron degeneration and
synaptic network remodelling due to seizures can contribute to the generation of an
altered neural network, which prevents ASMs from reaching their target, eventually
leading to DRE [86].

Despite the uncertainty around the pathogenesis of DRE, one thing is for sure:
epilepsy patients with recurrent seizures should be referred to a full-service epilepsy
centre as soon as possible. This is because DRE patients are at very high risk of
adverse consequences, ranging from behavioural, interpersonal, and social
inabilities to increased risk for injuries and premature mortality due to either
seizure-related accidents or due to sudden unexpected death in epilepsy [87], [88].
However, less than 1% of patients with DRE are evaluated at an epilepsy centre [87],
and those who do have an average of over 20 years after the epilepsy onset. It is

important to note that epilepsy centres do more than surgery, as very often patients
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who appear to be resistant to pharmacological treatments are actually not, or they do
not have epilepsy at all, while for a large portion of actual DRE patients tailored
therapy plans addressing the psychological and social effects of epilepsy can
significantly improve their everyday life [87]. In any case, a considerable number of
patients who are screened in an epilepsy centre are surgical candidates (10% to
50%) [89]. In such cases, a multidisciplinary team of experts evaluates that epilepsy

surgery (ES) represents the most promising treatment to achieve seizure freedom.

2.2 Epilepsy surgery

The basic idea behind epilepsy surgery is the complete resection or disconnection
of the epileptogenic zone, which is defined as the cortical region where habitual
seizures originate and at the same time, the minimal amount of tissue to be resected
in order to achieve seizure relief [13], [14]. The only way to determine whether
epilepsy surgery was successful is to look at the patient's postoperative results: if the
EZ was accurately diagnosed and removed without harming the functionally
important eloquent cortex, the patient will be seizure-free with few to no functional
losses. Therefore, a thorough presurgical evaluation to clearly delineate the EZ and
the essential areas to be spared is crucial for the outcome of the surgery [89].
However, this is a challenging procedure, especially in cases with no specific
histopathological causes (like hippocampal sclerosis, tumours, etc.), and due to the
fact that no diagnostic technique is so far able to clearly define this zone [90]. In
common clinical practice, each presurgical evaluation begins with a combination of a
high-resolution MRI, video EEG, and neuropsychological testing [12], [89]. This early
investigation can sometimes provide enough supporting evidence about the extent of
the EZ and the eloquent cortex and lead directly to surgery. If this is not the case,
then additional and more advanced neuroimaging methods are applied in this 1st
stage evaluation. One direction is to focus on the ictal period, which is defined as the
time when a seizure occurs, by using single-photon emission computed tomography
(SPECT) and high-density EEG (HD-EEG) to locate the seizure onset zone. On the
other hand, interictal neuroimaging through HD-EEG and MEG can also provide
complementary information, such as the irritative zone, the cortical area which
generates interictal electrographic spikes [91]. If the localisation of the EZ becomes

feasible with a combination of the aforementioned techniques, then the functionally
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eloquent cortex should be clarified to avoid language deficiencies, memory decline,

and motor or visual deficits, most commonly through fMRI [12].

However, in approximately 20% of DRE patients, the delineation of the EZ can
not be sufficiently accurate based solely on these non-invasive techniques, or the
functionally important cortical areas are in very close proximity to the proposed
resection site [92]. In such cases, the clinical team moves to “Stage 2", where
invasive neuroimaging methodologies are employed [12]. Intracranial EEG is the
dominant modality in this stage. It can be applied by using subdural strip and grid
electrodes after open craniotomy, known as electrocorticography (ECOG), depth
electrodes, known as stereoenchephalography (SEEG), or a combination of the two.
While grids and strips of subdural electrodes provide a large coverage over the bare
surface of the cerebral cortex, they are often implanted in one hemisphere and do
not reach deeper brain structures (e.g., hippocampus or insula) [93]. By comparison,
there are cases where only depth electrodes are placed stereotactically, through a
twist drill hole or burr hole under general anaesthesia. SEEG monitoring has become
increasingly appealing to many epilepsy centres compared to ECoG, due to its less
invasive nature, increased comfort for the patients [89], favourable morbidity profile
[94], [95], and the fact that it enables bilateral monitoring of superficial and deep

cortical structures [93].

Irrespective of the electrode type, IEEG implantation is guided by clinical
decisions made on the basis of non-invasive parameters, with the scope to increase
the accuracy in the localisation of epileptogenic tissue. A detailed schematic
representation of the presurgical evaluation pipeline, from initial clinical assessment

to the decision to proceed or not with surgery, is presented in Figure 4.
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Figure 4: Graphical representation of the presurgical evaluation steps followed in standard

clinical practice in epilepsy centres. Adapted from [96].

Nevertheless, despite the large number of available imaging modalities (either
invasive or non-invasive), the clinical community cannot yet rely on a single
diagnostic biomarker for the localisation of the EZ. A big part of this issue stems from
with different underlying pathologies

the heterogeneity of epilepsy itself,

(hippocampal sclerosis, tumours, TBI, etc.) altering brain networks differently.
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2.2.1 Current biomarkers of the epileptogenic zone

Through Stage 1 and Stage 2 neuroimaging, the clinical team proceeds to the
localisation of the EZ by combining information from different biomarkers. The
presence of a structural lesion, seen through MRI, helps significantly as it restricts
the area of focus in the close neighbourhood of the lesion [97] (Figure 5). Assuming
anatomy is structurally intact, the most established biomarker becomes the SOZ (the
brain area where seizures initiate) [15], especially when defined by iEEG [18]. The
SOZ is the go-to biomarker for many centres, as it provides a direct connection to
the epileptogenic process, it can be directly defined through EEG and iEEG, and
resection of SOZ sites has been historically associated with good surgical outcomes.
Some recent studies however, question the requirement for its complete resection
[98], [99]. Nevertheless, since it is an ictal biomarker and seizure generation is
unpredictable, SOZ monitoring requires prolonged recordings, usually for several
nights, at the expense of patient comfort, safety, and financial resources [92]. In
addition, given the limited spatial sampling of iEEG, the precise borders of the true
SOZ and how much it overlaps with the EZ are still uncertain [100], as the recorded
seizures might be the result of propagation from neighbouring, unrecorded tissue. In
that fashion, biomarkers that could estimate the EZ via interictal data, with no need
for seizures to occur, would largely benefit presurgical planning. However, a

definitive interictal marker for the EZ has yet to be established [101].
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Figure 5: Different cortical zones defined through both invasive and non-invasive
neuroimaging during the presurgical evaluation stage. The location and relative size of each

zone vary across different clinical cases. Adapted from [33].

A traditional interictal biomarker is the Irritative Zone (1Z), the area where interictal
spikes are observed. Spikes have been extensively studied and widely recognised
as an important biomarker of epileptogenic activity [17], [102], [103]. As relatively
large and prominent events, spikes are easy to detect in iEEG [104], while they can
also be seen in non-invasive modalities like scalp EEG and MEG [105]. They are
propagating events, and they can be present over large cortical areas [23], [106],
while sites of spike onset correlate with the SOZ [107], [108] and resection of such
sites is associated with good patient outcome post-operatively [18], [109]. However,

they suffer from low specificity to the EZ, as the cortical area that they designate can
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oftentimes be larger than the actual EZ and thus can overlap with surrounding tissue

that needs to be preserved [18].

Another promising interictal biomarker is the HFO zone, the area where
high-frequency oscillations are observed. Today, there are studies suggesting that
HFOs are better and more accurate epilepsy biomarkers compared to spikes, as
they are believed to be more closely related to the epileptogenic process [21], [22],
[23]. However, these views have been challenged by the only clinical trial on
HFO-guided tailoring of epilepsy surgery, which could not prove non-inferiority of
HFOs to spike-guided surgical interventions [110]. In any case, the interest in the
study and clinical value of HFOs has increased recently, with epilepsy specialists
showcasing their potential in specialised international conferences and workshops,
like the International Workshops on High Frequency Oscillations in Epilepsy (2012,

2016, 2024). A more detailed discussion on HFOs can be found in secion 2.2.2.

Recent studies have also consistently reported that spike ripples (co-occurrence
of spikes and HFOs) localise the EZ more accurately than individual events alone
[111], [112]. This complex interictal biomarker demonstrates greater spatial specificity
compared to interictal spikes and is more reliably pathological than isolated ripples

(which may also reflect physiological activity).

Table 3 provides a summary of the basic characteristics of the aforementioned EZ

biomarkers.
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Table 3: Comparison of existing biomarkers of the epileptogenic zone

. Recording Epileptic Sensitivity / . . .
Biomarker modality state reeRAT I e =2 Practical burden Typical pitfalls
Metabolic / MRI (lesions), Interictal / High specificity when  -Widely available; -Lesion—EZ mismatch;
Structural PET, SPECT, baseline lesion present; -Non-invasive -Non-lesional cases;
markers fMRI Variable sensitivity -Metabolic changes

not always
epileptogenic
Seizure Onset IEEG, Ictal High sensitivity; -Requires prolonged -Limited spatial
Zone (SO2Z) scalp EEG Moderate specificity inpatient recordings; sampling
(may include -Invasive -Seizure
propagation) unpredictability
-Discomfort/cost
Irritative Zone Scalp EEG, Interictal Moderate sensitivity; -Easier to detect; -Overestimates EZ,
(Spikes) MEG, iEEG Low specificity (large  -Widely available overlaps with healthy
areas) cortex
-Propagation effects
HFO Zone iIEEG (also Interictal Higher specificity -Requires -Physiological HFOs
(HFOs) scalp/HD-EEG (mainly than spikes; high-bandwidth (mostly hippocampal)
emerging) NREM Sensitivity variable recording and expert -Labour-intensive
sleep) review visual detection, lack
of standardisation
Spike—Ripples IEEG (ideally Interictal Higher specificity -Similar technical -Limited validation
bandwidth >1 than spikes or HFOs  demands as HFOs;
kHz) alone; -Emerging

Promising sensitivity

automated tools

2.2.2 High-frequency oscillations in epilepsy

Almost 25 years ago, high-frequency oscillations were recorded from the human

epileptic brain [113]. HFOs are short-time local oscillatory field potentials, with

frequencies ranging from 80 Hz to 500 Hz [20], [114], typically divided into ripples
(80—-250 Hz) (Figure 6A) and fast ripples (250-500 Hz) (Figure 6B). Although this

frequency-based classification is widely used, it is not universal, as different groups

adopt slightly different cutoffs (i.e ripples up to ~200Hz, fast ripples beyond 500 Hz,

etc.), with this variability complicating cross-study comparisons and contributing to

the limited generalizability of HFO findings. HFOs are most commonly recorded

during non-rapid eye movement (NREM) sleep, as muscle artifacts are less frequent

at this time [115]. The most established definitions want these events to have at least
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four oscillations clearly standing from the background [116], [117], [118], with some
research groups, however, choosing slightly different definitions (i.e a criterion of at
least 3 oscillations), further preventing the establishment of a consensus [115]. As of
now, the neuronal and circuit substrates of HFOs remain elusive [119]. One
prominent theory suggests that pathological HFOs are generated by synchronised
action potential firing of principal cells, within small, discretely located neuronal
clusters [120], [121]. Due to physiological restrictions, the firing rate of these cells is
limited, so even single epileptic neurons cannot fire with frequencies >300 Hz [121].
Subsequently, the fast ripples that are observed are considered “emergent” HFOs as
they represent the net frequency of neuronal populations oscillating at lower
frequencies [121]. This out-of-phase firing between the different neuronal clusters
could be due to cell loss, which would lead to a decreased synchronisation of
ephaptic interactions. Another generative mechanism of HFOs highlights the
importance of interneurons, as previous studies in the human epileptic hippocampus
have demonstrated that interneurons begin to discharge early in the presentation of
a ripple, much earlier than the firing of pyramidal cells [122]. GABAergic interneurons
in particular have been found to have an active role in the generation of HFOs, as
increased GABA synaptic activity is related to the interictal fast ripples in the
epileptogenic zone [119]. This increased activity could aid in the disposal of
excessive excitability of cortical pyramidal neurons in the EZ, or advance the

neuronal network synchrony [119].
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Figure 6: High-frequency oscillation (HFO) examples. The events are difficult to detect in the
raw (broadband) signal but become much more distinct from the background once a

band-specific filter is used. Adapted from [115].

No matter what the underlying cellular mechanisms are, HFOs are now
well-described electrophysiologic events, closely linked to the epileptogenic tissue.
Their low amplitude (usually measured in uV) and short duration (tens to hundreds of
milliseconds) make them much easier to observe in intracranial recordings, where
artifacts and resistance from the scalp are eliminated. However, due to recent
advancements in brain recording technologies, there are now more than 60 studies

analysing HFOs captured through scalp EEG recordings [116].
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HFO limitations

Research in this area has demonstrated that the pre-surgical diagnosis and the

surgical outcome of patients with DRE may be improved by removing the tissue that
generates HFOs [123], [124], [125], [126], [127]. Despite the encouraging results,
there is still strong debate on whether HFOs are suitable for the identification and
monitoring of epilepsy in clinical settings [128], [129]. From an operational
perspective, this could be attributed to the lack of expertise and available equipment
required (i.e, amplifiers, analysis tools, etc.) for the recording and interpretation of
HFOs in many epilepsy centres. Moreover, HFOs are also generated under normal
physiological conditions [130], especially in the hippocampus [131]. Physiological
HFOs have an established role in memory consolidation [132], motor, and language
processes [133]. They have also been observed in the amygdala and areas of the
neocortex with iEEG [134], while a recent work on non-invasive investigations of the
neocortex (HD-EEG + source imaging) has shown high rates of physiological HFOs
at the sensorymotor cortex, followed by parietal, temporal and frontal regions [135].
Physiological HFOs have shorter duration [135], [136], lower amplitude [136], [137],
and higher frequencies compared to pathological ripples [134], [137]. They also have
less variable amplitudes and duration [135], [138], and their inter-electrode latency is
longer [112]. The current ambiguity on how to distinguish physiological from
pathological HFOs compromises their utility [134], [137], [139]. In addition, one of the
major drawbacks that prohibits HFOs from entering clinical practice is that the most
reliable technique for detecting them is visual inspection of the data [140]. This is a
very time-consuming procedure, which should be performed by trained specialists
with experience in the detection of these very specific oscillations. A striking example
is that for just 10 minutes of a 10-channel iEEG recording, a clinician needs almost
10 hours to accurately detect the HFOs [141]. In addition, visual detection is
subject-dependent and prone to errors due to the human factor [142]. For these
reasons, the development of automatic HFO detectors has drawn a lot of attention
during the past ten years, and since there is not an established gold-standard

algorithm yet, it remains a focus of ongoing research [143], [144].
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Automatic HFQO detectors

A substantial number of HFO detectors have already been published, with no
recommendations, however, on when an algorithm should be used over another, and
which are the best parameters for its implementation [115]. Most automatic detectors
have a specific sequence of steps in order to optimally detect the HFO events and
omit false positive detections. More specifically, the first step is usually the initial
event detection, meaning a first separation of HFO events from background activity.
For this purpose, the vast majority of detectors rely on energy-based metrics, such
as the root-mean-square (RMS) amplitude [134], [145], power [146], [147], and line
length [148], or use other techniques such as a median filter [149] and the amplitude
of local peaks [150]. After calculating the energy, events that exceed a

pre-determined threshold for a minimum duration are identified as potential HFOs.

The second step of the automatic detection procedure is the rejection of false
positive events, which are mainly related to high-frequency activity produced due to
the filtering of a sharp transient in the iEEG [144]. Discarding false positives could be
done by evaluating the event's characteristics, like testing whether their duration
exceeds a certain threshold, or checking the existence of fast direct current (DC)
drifts and artifacts in the common average, indicating that the event is too spatially
widespread to be an HFO [115]. Other, more refined approaches, leverage the
unique representation of HFOs in the time-frequency domain, which appear as
“‘islands” of increased power at high frequencies (Figure 7), to automatically discard
the false positive detections [151], [152], [153]. Irrespective of their different
approaches, the use of automatic HFO detectors is compromised by the need for
optimal parameter finetuning, which is patient- [129] or even electrode-specific [150],
and performance validation, which again involves human intervention and visual

analysis [115].
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Figure 7: Representative examples of time-frequency decompositions of a) a ripple (80-250
Hz), b) a fast ripple (250-500 Hz), and c) an artifact consisting of a narrow, high-amplitude
spike. Adapted from [115].
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The overall difficulty in accurately detecting and interpreting pathological HFOs in
common practice, together with their documented value as a marker of
epileptogenicity, has spurred new research into more efficient ways of harnessing
their biomarker potential. It is true that up until now, HFOs are primarily assessed in
terms of their rate (events per minute) to quantify the epileptogenicity of a region
[110], [154], [155], while some other characteristics, such as their amplitude [156],
[157] and duration [158] have also been found to differentiate between healthy
(physiological HFOs) and epileptic tissue (pathological HFOs). Even though the
literature is heavily dominated by discrete detection of HFOs, other techniques have
also been proposed, mainly regarding the computation of specific measures in the
entire length of the iEEG signal at high frequencies. These methods have some
methodological and practical advantages, as they are not constrained by the lack of
a universal agreement on the exact definition of HFOs (frequency margins, number
of oscillations, etc.), which very frequently vary across the different research teams
and epilepsy centres, while they also include a smaller number of interdependent
parameters that need to be optimised [115]. Computing specific metrics in the whole
extent of the signal could also be more efficient, requiring less computational time
compared to HFO events detection and interpretation. For example, the skew of the
distribution of power values was found to be higher in the SOZ compared to
non-SOZ areas in different frequency bands (5-80Hz, ripples, and fast-ripples) [159].
Significant interest has also emerged in techniques that quantify the cross-frequency
coupling between high-frequency amplitude and low-frequency phase, most
commonly through the modulation index (MI). An early study found that the coupling
between amplitude in the frequency range of 80-150 Hz with low-frequency phase
(1-25Hz) was significantly elevated in the “ictal core” compared to peripheral regions
[160], with the same results being also reported later for the SOZ [161], [162].

However, the literature on these types of techniques is sparse and unstructured.

On the other hand, during the last decade, significant emphasis has been given to
the analysis and interpretation of functional connectivity measurements, computed in
EEG, iIEEG and MEG signals, as epilepsy has been progressively acknowledged as

a disease of disrupted brain networks [33], [34].
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2.3 Epilepsy as a network disease

The fact that the brain is a complex network is heavily supported by the huge
number of neuroanatomic and neurophysiologic evidence, ranging from microscale
to macroscale studies [163]. In this sense, the idea that focal epilepsies are not in
fact so focal, and may be related to networks of varying scales, has been gradually
accepted in epilepsy research [27], [28], [29]. Indeed, in very early SEEG studies,
Bancaud and Talairach observed that in some lesional epilepsy patients, the
electrical discharges arising from the cerebral lesion did not respect anatomic
boundaries [164]. Moreover, they also reported that seizures could be observed to
arise from structures quite distant from the lesion and sometimes even different from
the region where interictal spikes were most frequently observed. These
observations showed the way for the generation of the concept of epileptogenic
networks. The SEEG recordings played a very important role in this, as they
provided simultaneous recordings from both cortical and subcortical structures,
which were seen to be concurrently involved in seizure generation and propagation
[163].

As epileptogenic networks, we nowadays define the brain regions that are
involved in the generation and propagation of epileptic activity. They are a key
concept for interpreting the epileptic process, which is extremely important in the
context of epilepsy surgery [163]. Of course, in some cases, the EZ is defined by a
relatively restricted region of the brain, in which the seizure generator corresponds to
a unique dysfunctional area, like, for example, in some cases described by Rosenow
and Luders [14]. However, there are many examples where the seizure onset is
characterised by simultaneous activation of distinct and distant brain regions [29],
[165]. The spatial organisation in such cases cannot be adequately described by the
theory of the single focus, while epileptogenic networks provide a more
comprehensive approach [163]. Figure 8 depicts the concept of the epileptogenic
network alongside some of the most commonly known presurgical evaluation cortical

Zones.
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Figure 8: Schematic representation of the epileptogenic network together with some of the
commonly known presurgical evaluation cortical zones. The epileptogenic network consists
of the primary generators of epileptogenic activity (epileptogenic zone network), areas that
this activity propagates to (propagation zone network), and areas that are not involved in

epileptogenicity. SOZ: seizure onset zone, HFO: high-frequency oscillations

Interestingly, the actual neuropathologic mechanisms behind the generation and
propagation of epileptic activity are not fully understood. The propagation of seizures
is a complex construct that does not follow the classical propagation pattern of nerve
flux [163]. Long delays are commonly observed between one area to another,
something that may be attributed to biological changes in the involved regions [166],
[167]. Structural connectivity also plays an important role in determining which
anatomic sites are involved in each patient, as both cortical and subcortical
structures are involved [168]. As a result, the propagation process is regulated by
both local anatomic as well as connectivity properties and mechanisms, rather than

passive conduction [163].

A thorough understanding of the network patterns underlying the epileptogenic
process is essential for moving the promising field of network-based epilepsy
biomarkers forward. This research path has skyrocketed in the recent epilepsy

literature, especially through functional connectivity studies, which provide
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quantifiable evidence of the underlying networks [33], [34]. In the following chapter, |
define FC, discuss in depth the existing literature on interictal FC investigations of
the epileptic brain, and identify the specific research gaps that | aim to address in the

subsequent chapters.
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Functional Connectivity in the Epileptic
Brain: Insights from Interictal iEEG

studies

It has long been known that epileptic phenomena are associated with changes in
brain synchrony [163]. Numerous studies have demonstrated that seizures (preictal,
ictal, and postictal states) are associated with abnormal synchronisation of different
(and often distant) brain structures, as indicated by connectivity studies [169], [170],
[171], [172], [173]. A frequently reported pattern concerns increased synchronisation
during the immediate preictal period followed by a subsequent decrease at seizure
onset (ictal), and a re-increase after seizure termination (postictal) [170], [171]. This
synchronisation/desynchronisation characteristic of the epileptogenic tissue has also
been supported by graph theory works, which reported direct association between
the seizure onset zone and nodes with increased total and outward strength during
preictal [174] and ictal periods [175]. Cerebral connectivity, however, is also notably
altered during the interictal period [34]. In this chapter, | provide an overview of
interictal iIEEG functional connectivity in the the epileptic brain, with a focus on its

reported relevance and added value for epilepsy surgery.

3.1 Functional connectivity in the brain

Functional connectivity (FC) describes the statistical link between activities
recorded from distinct brain structures, indicating how closely the underlying
neuronal populations operate in sync [34]. The first attempts of FC analysis in EEG
signals were made in the 1950s [176], and on ictal recordings in the 1980s [177].

Since then, the methods have developed following the rise of computers and digital
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EEG systems [34], leading nowadays to an abundance of FC techniques.
Nevertheless, according to studies that evaluated these methods in simulated
signals, none of them is universal and their performance is strongly dependent on
the type of model and dataset used [178], [179]. The different FC techniques can be
distinguished based on some of their characteristics. A first distinction can be made
according to methods being model-based or model-free. Model-based FC assumes
linearity for the interactions between the studied signals, and includes techniques
like simple correlation (Pearson), coherence and Granger causality [180]. On the
other hand, model-free techniques, such as nonlinear correlation (h?), mutual
information, and transfer entropy, make fewer assumptions about the underlying
process and are sensitive to both linear and nonlinear interactions [34]. A second
differentiation has to do with whether FC is computed from the time (e.g., correlation,
cross correlation, mutual information, and transfer entropy) or frequency domain
representation of the signals (e.g., coherence, phase locking value, and phase slope
index). For the latter, a Fourier or a wavelet transform usually decomposes the
signals, and the interdependence between them is computed based on these
frequency-resolved coefficients. Another distinction has to do with the ability of the
FC method in revealing the directionality of the flow of information. Several methods
can assess directionality (e.g., cross correlation, Granger causality, transfer entropy),
while others cannot estimate this feature (e.g., simple correlation, mutual
information, coherence, phase locking value). Directed connectivity techniques can
range from the estimation of propagation delays using correlation measures (r or h?),
to stronger statements, like causality relationships between time series, such as the

ones studied with Granger causality and transfer entropy [34].

Irrespective of the connectivity technique, when working with FC in
electrophysiological data, and especially in intracranial EEG, there are important
methodological aspects that need to be taken into account. Some of the parameters
that may influence the results of IEEG FC analyses include: algorithms and
parameters used [178], [179], montage and reference used [181], [182], distance
between recorded channels [36], [183] (Figure 9A), duration of the period analyzed
[184], frequency band under study [34] (Figure 9B), effect of the partial spatial

sampling [185], power spectrum of the signals [186], and presence of interictal
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epileptiform discharges (IEDs) [40] (Figure 9C). These should be kept in mind during

the interpretation of the findings.
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Figure 9: Confounders that may influence the functional connectivity estimates, through the
example of the nonlinear correlation coefficient (h?), adapted from [34]: A) Functional
connectivity decreases as the inter-electrode distance increases. B) At higher frequencies,
the connectivity values tend to be lower. C) The presence of IEDs in the data leads to slightly
elevated FC compared to data segments with no IEDs, without, however, altering the level of

difference between areas.

3.2 Functional connectivity during the interictal
period

As mentioned above, studying the epileptic brain during the interictal period has
gained the attention of the research community, mainly due to its inherent
advantages over ictal recordings. Below, | review the current literature on interictal
iIEEG FC and its applications in identifying epileptogenic tissue and predicting
surgical outcome in DRE patients. My discussion here extends insights from a
review paper we recently published in the Brain Organoids and System

Neuroscience Journal [33].
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3.2.1 Existing literature on the links between interictal iEEG FC

and epileptogenicity

Several studies have investigated interictal iEEG functional connectivity to
explore if and how it is linked with the epileptogenicity of different brain structures.
Different ways for grouping these works have been previously suggested. A recent
review paper reported studies based on ECoG recordings separately from those that
used SEEG [34], following the notion that the assessment of FC and brain networks
is not superimposable when using different iEEG modalities [187]. In our own review
paper, we made a distinction between studies that report interictal brain synchronicity
after assessing the FC measures themselves, and those that compute and interpret
graph theory properties (local or global) [33]. In the discussion that follows, | use no
specific distinction criteria, since my work here is exploratory in nature, and it would
be impractical to assign a study to a group while simultaneously assessing for all
different features of interest (i.e. FC measures, graph properties, frequencies, etc.). |
rather use a chronological order for reporting previous works to examine the

evolution of interictal FC applications in epilepsy through the years.

One of the earliest attempts of interictal iIEEG FC analysis was made by Towle et
al. in 1998, who found local regions of high FC (coherence) over the diseased
temporal lobe in 6/7 TLE patients, using ECoG recordings [188]. These early results
were reinforced a vyear later by Arnold et al., who reported that the
seizure-generating area of the brain exhibited higher FC than other regions, using a
nonlinear interdependence measure [189]. In one of the first purely SEEG FC
studies, Morman et al. (2000) computed the mean phase coherence (MPC) on
bilateral SEEG recordings of 17 TLE patients, demonstrating increased
synchronisation on the side of the epileptogenic focus compared to its contralateral
non-focal analogue [190]. MPC was also used by Schevon et al. (2007), in an EGoG
study, showing that local hypersynchrony regions (brain areas having markedly
higher levels of synchrony compared to surrounding regions) had a significant
association with the clinically determined EZ, however, not overlapping precisely but
rather being adjacent to it [191]. Hypersynchronous structures were also found to
overlap with the SOZ, in a combined ECoG-SEEG study of 6 neocortical epilepsy
patients two years later (2009) [192]. In a larger work, Ortega et al. (2008), extended
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the range of connectivity techniques (linear correlation, mutual information, and
phase synchronisation) and frequencies (up to 400 Hz), also revealing clusters of

local hypersynchrony in the temporal neocortex of 29 TLE patients [193].

Subcortical structures have also been found to be highly connected when
belonging to the EZ. In a comparison study, Bettus et al. (2008) used SEEG to
compare the FC in mesial temporal structures (hippocampus, entorhinal cortex, and
amygdala) of 21 patients with Mesial Temporal Lobe epilepsy (MTLE) to a group of
14 non-MTLE patients, revealing significantly increased connectivity for the MTLE
group [42]. Interestingly, these differences persisted even when spikes were
removed. In the same line of comparison studies, a work by Warren et al. (2010) was
the only one which compared data from epilepsy patients with patients without
epilepsy (implanted for refractory facial pain), using ECoG recordings [194]. By
computing linear correlation and MPC, they found that between connectivity
(SOZ-non SOZ) was significantly lower than 1) within connectivities (SOZ-SOZ and
non SOZ-non SOZ) and 2) the FC in controls [194]. A later work by Bettus et al.
(2011) showed higher FC within the EZ (area primarily involved in seizures + having
spikes) and the irritative zone (area secondarily involved in seizures + having spikes)
than within the non-involved zones (NIZ) (areas with no spikes) [195]. These results
were replicated later in a larger dataset (59 patients) by Lagarde et al. (2018), who
used h? and showed that within-zone FC followed a hierarchy: within FC in EZ >
within FC in propagation zone (PZ) > within FC in NIZ, with the EZ preferentially
linked with the PZ rather than the NIZ [183].

Links between iIEEG FC and epileptogenicity (Graph theory evidence

The rise of graph theory tools for the analysis of brain networks has been a
stepping stone for advancing FC-based investigations of the EZ. By considering
IEEG electrodes as nodes and the connectivity values between them as edges,
graph theory measures allow for a comprehensive grasp of the local topology of the
network. In this line, Wilke et al. (2011) calculated betweenness centrality (BC) using
directed transfer function (DTF) in a cohort of 25 patients [196], demonstrating that

regions exhibiting high values of BC interictally are in close proximity to the SOZ,
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especially in the gamma band. Varotto et al. (2012) also reported increased BC in
the gamma band at contacts located inside the lesion of focal cortical displasia
(FCD) Il patients compared to outside [170]. This work also showed a significant
increase in outgoing connections (out-density) inside compared to outside the lesion.
Other local graph measures have also been associated with the EZ. The clustering
coefficient and the characteristic path length, computed using synchronisation
likelihood, were found to be significantly increased in the temporal lobe of MTLE
patients compared to non-MTLE [40]. The same year, van Diessen et al. (2013)
reported decreased nodal strength and eigenvector centrality (EC) in channels linked
with the EZ (defined by HFOs and the SOZ), compared to the NIZ channels [197].

A series of works, all from the same research group, focused on the investigation
of alpha band FC using graph theory in resting state SEEG data (awake, eyes
closed or eyes-open). First, Goodale et al. (2020) used imaginary coherence to
calculate the FC in 15 patients at rest (eyes closed) and found higher clustering
coefficient, nodal BC, and edge BC in the clinically defined EZ compared to non-EZ
areas [36]. Later the same year, Narasimhan and colleagues explored additional FC
methods (imaginary coherence, mutual information, partial directed coherence, and
directed transfer entropy) and extended the previous cohort to 25 patients [198]. This
work found significantly increased strength and inward strength in ictogenic regions
(clear seizure onset) compared to iritative and uninvolved areas, with their results
also demonstrating a trend (non-significant, p > 0.05) for decreased outward strength
in ictogenic areas. A later work from the same group (2022) confirmed the increase
of alpha inward strength in the EZ compared to non-EZ tissue [199], something that
was also observed in broadband (1-250 Hz) by another team, later the same year
[41].

Taking into consideration that using either the clinically defined EZ or the SOZ for
defining the epileptogenic areas of patients comes with inherent limitations, such as
the misjudgement of the EZ or the potential incomplete coverage of the true SOZ,
led some researchers on the use of an operational definition of the EZ, namely the
Resection Zone (RZ). Despite this definition is pragmatic and close to the clinical

practice of epilepsy surgery, it also has several disadvantages:

50



Chapter 3 - Interictal iEEG FC in the Epileptic Brain

I. Patients who do not continue with the surgery are excluded (up to 50% of
SEEG-explored patients) [34]

[I.  Non epileptic regions can oftentimes be included in the resection (e.g.,
anterior temporal lateral neocortex in standard anterior temporal lobectomy, or
lateral structures on the surgical access to mesial EZ) [34]

lll.  Epileptic tissue could be exluded due to its proximity to the eloquent cortex
[34]

Following this direction, Park and Madsen (2018) showed that interictal FC (nodal
outward strength) predicted better than chance the EZ (defined by the Ictally Active
Electrodes) and the RZ [200]. Shah et al. (2019) also investigated the connectivity
properties of resected and non-resected tissue [38]. By computing linear correlation
on iEEG data of 27 patients, they found a gradual decrease of FC (nodal strength):
within-RZ > RZ-non RZ > within-non RZ in all bands. A recent work by Rijal et. al.
(2023) explored FC both between resected vs. non-resected electrodes and also
between clinically defined SOZ vs. non-SOZ channels [37]. By studying 31 patients
using amplitude envelope correlation (AEC), orthogonalized AEC (0AEC), and phase
locking value (PLV), they found increased nodal strength inside resection compared
to outside resection only in good outcome patients. The same pattern was also
reported for the SOZ, however, in fewer frequencies. An interesting finding of this
work was that, in the presence of spikes, nodal strength was elevated compared to
iIEEG data without spikes. A similar work from the same group has also assessed
oAEC and PLV in data with and without spikes in 37 patients [31]. They found
increased nodal strength inside resection in good outcome patients for data with
IEDs and without IEDs. They also found increased centralities (mainly betweenness

and closeness) inside resection compared to outside in good outcome patients.

The studies discussed above, which are summarised in Table 4, consistently
highlight the correlation between local clusters of increased FC with epileptogenic

tissue.
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Table 4: Summary of studies on interictal functional connectivity using intracranial EEG.

Studies are presented in chronological order.

Authors Patlen_t FC method Frequency range Findings
population
Towlootal. | 25patonts | 0 | Otonignp | R ERRE T
(1998) (12 TLE) (1-32 Hz)
the EZ
Arnold et al. 2 patients “nonlinear broadband . Increased FC.
(1999) (1 MTLE, interdependence” (0.5-40 Hz) (interdependence) in the
1 neocortical) P ' EZ
Morman et al. | 17 patients with mean phase broadband synchlzzgztsi‘s: in the
(2000) TLE coherence (0.5-85 Hz) cortical side of the EZ
Area of local
Schevon et al. 9 neocortical mean phase broadband hype.rsync.hrony
(2007) atients coherence (0.1-54 Hz or overlapping with the EZ
P 0.5-65 Hz) (not completely, rather
being adjacent)
linear correlation, Clusters of local
Ortega et al. | 29 patients with |mutual information, broadband hvoersvnchrony in the
(2008) TLE and phase (0.5-400 Hz) ypersy y
o temporal neocortex
synchronization
For 8, a, B and y bands:
. o
Bettus et al. 35 patients Nonlinear 0 to high y In-creased FC () in
(2008) (21 MTLE, correlation (h?) (0.5-97 Hz) mesiotemporal structures
14 non-MTLE) ' when they belong to the
EZ
cross-correlation,
directed transfer
. . Overlap between areas of
Dauwels et al. 6 neocortical function, phase broadband local hvoersvnchrony and
(2009) patients synchrony, (4-30 Hz) ypersy y
. the SOz
magnitude
coherence
For all bands except
linear HFOs: between FC
. ) < withi
Warren et al. 4 epllepsy VTQ" cross-correlation, 0 to HFOs (SOZ-non SOZ)< within
(2010) 2 chronic pain mean phase (0.5 - 500 Hz) FC (SOZ-SOZ or
patients coherF(’ance ' nonSOZ-nonS0OZ)<
between FC in healthy
(no epilepsy)
For B band: Higher FC
within the EZ and the
. . . 0 to y bands e
Bettus et al. 5 patients with nonlinear irritative zone (area
. ) (0.5-80 Hz) L .
(2011) TLE correlation (h?) secondarily involved in
+ broadband . .
seizures) than within the
NIZ
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For y band: Close
proximity between active

Wilke et al. 25 neocortical directed transfer 0 to y bands areas (regions exhibiting
(2011) patients function (3-50 Hz) high amounts of BC
interictally) and the SOZ
For y band: Increased BC
Varotto et al. 10 neocortical partial directed 0 to y bands at iﬁgiﬁ;fﬁ??g;ﬁ'de
(2012) patients (FCD II) coherence (1-80 Hz) .
patients compared to
outside
For all but y bands:
Increased clustering
Bartolomei et 19 patients svnchronization 0 to y bands coefficient and
al. (2013) (11 MTLE, y likelihood (0.5-90 Hz) characteristic path length
' 8 non-MTLE) + broadband in mesiotemproral
structures when they
belong to the EZ
Decrease in strength and
van Diessen et otoy bands EC at the theta band, in
al. (2013) 12 patients phase lag index (0.5-50 Hz) channels linked with the
' + broadband EZ, compared to the NIZ
channels
For broadband:
5tov bands Gradual decrease of FC:
Lagarde et al. 59 patients nonlinear (© 5\{80 Hz) EZ>PZ>NIZ
(2018) (20 TLE) correlation (h?) i They also showed that
+ broadband . . .
EZ is preferentially linked
with the PZ than the NIZ
FC (outstrength)
F;/?;Z:en: 25 patients ranger causalit broadband predicted better than
(10 TLE) grang Y1 (~0.5-100 Hz) | chance the EZ and the
(2018)
Rz
For all bands: Gradual
Shah et al. 27 patients - - 0 to high y bands | decrease of.FCF (node
(2019) (18 TLE) linear correlation (5-105 Hz) strength): within RZ >
+ broadband between RZ-non RZ >
within non RZ
Higher clustering
coefficient, nodal
Goodale et al. 15 patients imaginary 0 to a bands Zigwsgngise?;:::gtsﬁ
(2020) (12 TLE) coherence (1-12 Hz) 9

centrality in the clinically
defined EZ compared to
non-EZ tissue
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mutual information,
imaginary Gradual decrease of FC
Narasimhan et 25 patients p:ﬂ:;?:ecié q a band (Sstlir;%:;agg ;n\év;rg
al. (2020) (18 TLE) coherence, (8-12Hz) Irritative zone > NIZ
directed transfer
entropy
imaqina Increase of alpha inward
Paulo et al. 32 patients ginary . a band strength in the EZ
coherence, partial
(2022) (18 TLE) : (8-12 Hz) compared to non-EZ
directed coherence .
tissue
directed transfer Significantly higher
Jiang et al. 37 patients function, broadband inward information flow in
(2022) (23 TLE) cross-frequency (1-250Hz) the SOZ compared to
directionality non-SOZ
. For all frequencies:
Amplitude Higher nodal strength
envelope . .
X inside resection
correlation, compared to outside
Rijal et al.. 31 patients orthogonalized 0 to high y bands reseci)ion (only in good
(2023) (15 TLE) amplitude (2-90 Hz) ying
outcome patients).
envelope
correlation. phase Same results for the
o \;aF)Iue S0Z, but only in 5, a, low
9 v, and high y

EZ: epileptogenic zone; FC: functional connectivity; FCD: focal cortical dysplasia; HFOs:
high frequency oscillations; irritative zone: area with interictal spikes but no seizures; NIZ:

noninvolved zone; PZ: propagation zone; RZ: resection zone; SOZ: seizure onset zone;

TLE: temporal lobe epilepsy; MTLE: mesial temporal lobe epilepsy.

3.2.2 Links between interictal iEEG FC and surgical outcome

Several studies have assessed the value of specific FC characteristics in
predicting surgical outcome. First, Schevon et al.(2007) demonstrated that complete
resection of local hypersynchrony regions improves clinical outcome [191],
something that was challenged a year later in an ECoG study by Ortega et. al, who
found no strong evidence that a complete resection of synchronisation clusters
would result in a good surgical outcome [193]. Nevertheless, this could be due to the
fact that the majority of the patients in this latter study were treated with anterior
temporal lobectomy, while according to Lagarde et al., ECoG is mainly sensitive to
the dynamics of the lateral temporal neocortex [34]. In another study, Antony et al.

(2013) studied FC using linear correlation in recordings from both mesiotemporal
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and neocortical structures of 23 TLE patients [201]. They found that good outcome
patients had significantly lower mean strength values and lower variability of
connections compared to poor outcome patients. Their FC-trained Support Vector
Machine (SVM) classifier managed to predict surgical outcome with 87% accuracy.
In contrast, Lagarde et al. (2018) showed that patients had worse outcomes if they
exhibited high values of FC within the NIZ [183]. Similar findings have been reported
the same year by Grobelny et al., in a study of 36 patients, who showed that
individuals not seizure-free after surgery had a higher mean value of BC in the
interictal period, while they also presented greater proportions of extreme-valued BC
nodes [202].

Some studies have supported that higher FC inside the presumed EZ is
associated with favourable surgical outcomes. In their work, Shah et al. (2019) found
that high nodal strength values within the resection zone are linked with good
surgical outcomes [38]. They additionally showed that the higher the overlap between
the RZ and nodes with the highest strength, the better the outcome. In the same
vein, Goodale et al. (2020) found a moderate relationship between high EZ
connectivity and favourable outcome [36]. Interestingly, in a later study, the same
group found no significant differences in FC of the EZ between good and poor
outcome patients [199]. Moreover, larger within-frequency information flow
asymmetry between SOZ and non-SOZ was associated with favourable seizure
outcome in a study by Jiang et al. (2022) [41]. In their recent work, Rijal et al. (2023)
found increased overlap of hubs (brain regions with high nodal strength) and
resection in good patients, while they also showed that resection of highly connected
hubs during the interictal period predicted outcome with an accuracy up to 81% [37].
Similar results were reported by Corona et al. (2023), who predicted postsurgical

outcome based on hub resection with up to 68% accuracy [31].

The aforementioned studies are summarised in Table 5. Overall, existing
literature indicates that higher FC within the EZ and more pronounced differences

with the FC of NIZ are factors associated with favourable surgical outcomes.
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Table 5: Summary of studies that link interictal functional connectivity and surgical outcome.

Studies are presented in chronological order.

Authors Patlen_t FC method Frequency range Findings
population
. broadband Complete resection of
Schevon et al. 9 neocortical mean phase local hypersynchrony
. (0.1-54 Hz or 0.5-65 . .
(2007) patients coherence Hz) regions improves
clinical outcome
No correlation between
linear correlation, the
Ortega et al. | 29 patients with | mutual information, broadband complete resection of
(2008) TLE and phase (0.5-400 Hz) synchronisation clusters
synchronisation and good
postsurgical outcome
Lower mean strength
values and lower
Anthony et al. | 23 patients with linear correlation broadband variability of
(2013) TLE (5-50 Hz) connections are
associated with good
surgical outcome
Lagarde et al. 59 patients nonlinear 6((;05\_/888;;)8 Worse outcome if
(2018) (20 TLE) correlation (h?) + broadband higher FC within NIZ
For frequencies above
11 Hz: Poor surgical
9 frequency ranges outcome was
Grobelny et al. 36 patients Directed Transfer |with centres at 2, 4, 7, associated with
(2018) Function 11, 13, 30, 50, 82, increased average BC
and 135 Hz and greater proportions
of extreme-valued BC
nodes
For broadband and
beta: High FC (high
Shah et al. 27 patients ' ' 0 to high y bands nodal strer.19th) with.in
(2019) (18 TLE) linear correlation (5-105 Hz) the relsectlonlzone is
+ broadband associated with good
surgical outcomes
For alpha: Possible
moderate relationship
Goodale et al. 15 patients imaginary 0 to a bands between high
(2020) (12 TLE) coherence (1-12 Hz) epileptogenic zone

functional connectivity
and favorable outcome
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imaqina No difference in the FC
Paulo et al. 32 patients ginary . a band of the EZ of good
coherence, partial
(2022) (18 TLE) . (8-12 Hz) outcome and the EZ of
directed coherence .
poor outcome patients
Larger within-frequency
information flow
asymmetry between
SOZ and non-SOZ is
associated with
directed transfer favo;aljt:l:e()fneelzure
Jiang et al. 37 patients function, broadband
(2022) (23 TLE) crgisrzjtrii?]:(ﬁ?cy (1-250Hz) Weaker SOZ to
y non-SOZ information
flow strength and
stronger non-SOZ to
SOZ information flow
strength in seizure-free
patients
For beta band:
Increased overlap of
hubs (nodes with high
nodal strength) with
Amplitude envelope resection in good-
. compared to
correlation, oor-outcome patients
Rijal et al.. 31 patients orthogonalized d to high y bands P P
(2023) (15 TLE) amphtud.e envelope (2-90 Hz) For delta and low
correlation, phase
. gamma band:
locking value
Increased overlap of
hubs with SOZ in good-
compared to
poor-outcome patients
Resection of network
Amplitude envelope 0 to y bands hubs (nodes with high
Corona et al. , )
(2024) 37 patients correlation, phase (1-50 Hz) nodal strength) was
locking value + broadband associated with good
surgical outcome

3.2.3 Interictal iEEG FC at high frequencies

Most of the studies discussed so far explored functional connectivity at either the

broadband or specific sub-bands of the conventional frequency spectrum (0.5-80

Hz). The networking of the epileptic brain at the frequency range of HFOS
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(80-500Hz) is of particular interest and can provide important insights, as
high-frequency activity is highly connected to the epileptogenic process. However,

very limited work has been done in this direction.

In an already mentioned study, Warren et al. (2010), found no significant
differences in the FC between SOZ-NIZ, compared to within FC (SOS-SOZ or
NIZ-NIZ) and the FC of control patients (implanted for facial pain) in the HFO band
(75-500 Hz) [194]. In contrast, Shah et al. (2019), who studied FC at frequencies up
to the lower end of the HFO band (90-105 Hz), found that FC within the RZ was
significantly stronger than between RZ - nonRZ, and within nonRZ - nonRZ [38]. The
same year, Zweiphening et al. used short-time direct directed transfer function
(SADTF) across different bands to study the connectivity in 18 patients with
malformation of cortical development (MCD) or tumour [203]. Their results revealed
that good outcome patients had significantly increased total strength and outstrength
inside resection compared to outside, for the gamma and ripple bands. They also
found that channels with interictal epileptiform events (spikes or HFOs) presented
lower total strength and instrength and higher outstrength in the fast ripple (FR)
band, a higher outstrength in the ripple band, and a higher total, instrength and
outstrength in the gamma band. A recent work by Shen et al. (2023) studied the FC
in the HFO band (80-500 Hz), using skewness-based functional connectivity in 59
patients [39]. Their results showed increased strength inside resection compared to
outside, both in good and poor outcome patients, while they also reported that
patients with poor outcome demonstrated increased strength in the non-resected

tissue. Table 6 summarises the studies discussed above.
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Table 6: Summary of studies that investigated interictal iIEEG FC at the HFO band. Studies

are presented in chronological order.

Authors Patient FC method | 'reduency Findings
population range
No significant differences in
4 epilepsy vs. 2 linear the FC between SOZ-NIZ,
Warren et al. clfronpicy air.l correlation, HFOs compared to within FC
(2010) atien?s mean phase | (75- 500 Hz) | (SOS-SOZ or NIZ-NIZ) and
P coherence the FC of control patients
(refractory facial pain)
high FC within the RZ was
Shah et al. 27 patients linear (90-1905YHZ) significantly stronger than
(2019) (18 TLE) correlation between RZ - nonRZ, and
within nonRZ - nonRZ
For y and ripple bands:
Increased total strength and
outstrength inside resection
compared to outside of good
0 (4-8 Hz), y outcome patients.
. . . .., | short-time direct (30._80 Hz), Channels with spikes or
Zweiphening et al.| 18 patients with | . ripples .
directed transfer HFOs presented: i) lower
(2019) MCD or tumour : (80-250 Hz), :
function ; total strength and instrength
fast ripples . .
(250-500 Hz) and higher outstrength in the
FR band, ii) higher
outstrength in the ripple
band, ii) higher total,
instrength and outstrength in
the y band
Increased strength inside
resection compared to
outside, both in good and
poor outcome patients.
Shen et al. 59 patients Time-varying (:g (SDOt())al:cZi)
(2023) (24 with TLE) skewness Increased connectivity in the

non resected tissue of poor
outcome compared to good
outcome patietnes.
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3.2.4 Knowledge gap

From the above discussion, it becomes evident that interictal FC at high
frequencies (especially > 80 Hz) and its applications for the localisation of the EZ
and the prediction of surgical outcome are greatly unexplored. Even less studied is
the effect that HFOs have on FC computations, with very few works having
approached this issue [197], [203], [204]. Here, | aim to address these research gaps
by exploring FC at a wide spectrum of frequencies (from & to fast ripples) while
working with data both with and without HFOs. In the following chapter, | introduce
the dataset and techniques used to generate the personalised functional networks,

which will serve as the basis for my investigations during later chapters.
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Chapter 4

Dataset and Network Construction

In this chapter, | start by introducing the iIEEG dataset used in this work, from
initial cohort selection to the acquisition of recordings. | discuss how these data were
pre-processed and describe step-by-step the HFO detection pipeline followed in my
work. Finally, | outline the different methodologies followed for the computation of
functional connectivity matrices and show how these patterns transition to networks

using graph theory principles.

4.1 iEEG dataset: Acquisition and Analysis

In order to have a pragmatic definition of the EZ, the analysis required knowledge
on each patient’s resected brain area and surgical outcome (reported at least one
year post-surgery), information that only retrospective datasets could offer. As such, |

looked in open-access repositories (CRCNS.org, OpenNeuro, |IEEG.org, etc.) for

IEEG datasets with the following specifications:
[. Interictal recordings acquired during non-rapid eye movement (non-REM)
sleep for easier HFO event detection
[I.  Sampling rate > 2000 Hz to allow HFO analysis (due to the Nyquist theorem
restriction) [118]
lll.  Resected electrodes identified and provided

IV.  Patients with both good and poor surgical outcomes included.

| found and selected a single-centre dataset adhering to the above requirements, the

details of which are presented in the following section.

4.1.1 Retrospective iEEG dataset

Long-term iEEG recordings from 20 DRE patients were obtained from
CRCNS.org (IEEG Dataset-CRCNS.org, accessed on 28/10/2025), where they are
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freely available and fully anonymous [205]. These data were acquired at the
Neurosurgery Department of the University Hospital of Zurich from March 2012 to
April 2016 [206], in the context of routine presurgical evaluations. Each of these
patients underwent epilepsy surgery, and their postsurgical seizure outcome was
determined in follow-up visits and classified according to the International League
Against Epilepsy (ILAE) score ranking system [207].

4.1.1.1 Electrode implantation

The recordings were obtained using subdural strip and grid electrodes as well as
depth electrodes, placed according to the findings of the non-invasive presurgical
evaluation. In temporal lobe epilepsy (TLE) patients, depth electrodes (1.3 mm
diameter, 8 contacts of 1.6 mm length, spacing between contact centres 5 mm,
Ad-Tech) were implanted bilaterally into the amygdala, the entorhinal cortex, the
anterior hippocampus, and the posterior hippocampus. In extratemporal epilepsy
(ETE) patients, a combination of depth and subdural grid and strip electrodes
(contact diameter 4 mm with a 2.3 mm exposure, spacing between contact centres

10 mm, Ad-Tech) was placed after craniotomy. Figure 10 depicts the IEEG

implantation of an ETE patient in the dataset, with a combination of ECoG and
SEEG electrodes.

Figure 10: Combination of two subdural grid and one depth electrode implanted after open
craniotomy in patient #17. The photographs were taken A) before resective surgery, B) after

the surgery. Adapted from [206].
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4.1.1.2 Data acquisition

Data was acquired at a sampling frequency of 4000 Hz with an ATLAS recording
system (0.5-1000 Hz pass-band, NeuralLynx) and down-sampled to 2000 Hz. The

iIEEG of each patient was recorded against a common intracranial reference.

In addition, scalp EEG, according to the 10-20 system, with minor adaptations in
order to avoid the surgical scalp lesions, and the submental electromyogram (EMG)
were recorded. Pre-iIEEG implantation and post-implantation MRIs were also taken.
However, in the online publicly available dataset, the EEGs, EMGs and MRIs were
not included for any patient. For further details on the drawbacks associated with the

absence of MRIs, see Section 5.4.4.

4.1.1.3 Data selection

For every patient, from each night recording up to six sample intervals (depending
on the recording's length), each containing five minutes of interictal slow-wave sleep,
were selected by the initial authors for inclusion in the current data set. They
performed sleep scoring based on scalp EEG, electro-oculogram, EMG and video
recordings. Each segment had at least three hours distance from a seizure event to
minimise the effects of ictal periods in the IEEG signals. The number of nights and

intervals varied across patients.

4.1.1.4 Surgical resection

The decision for resection surgery was based on non-invasive investigations as
well as on intracranial guidance [206]. After surgery, the electrodes that were
resected were marked, and this information was included in the dataset, together
with the type of surgical approach and surgical outcome of each patient (assessed at
least 1 year post surgery) according to the ILAE ranking (ILAE1=Seizure Freedom,
ILAE2-6=Recurrent Seizures).

4.1.1.5 Dataset demographics and statistics

In the cohort of 20 DRE patients, the mean age was 32.5 + 11.7 years, with 68.4
% being males. Histopathological analysis revealed that the most common pathology

was focal cortical dysplasia (FCD) (n=8, 40%), followed by hippocampal sclerosis
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(HS) (n=7, 35%), tumour (n=2, 10%), cavernoma (n=1, 5%), gliosis (n=1, 5%), and a
case of combined gliosis and HS (n=1, 5%). Of the 20 patients, 9 were diagnosed
with TLE and 11 with ETE. All patients underwent iEEG implantation with either

depth (n=8), subdural (n=5), or a combination of depth and subdural electrodes

(n=7). After surgical resection, 13 patients had a good outcome (ILAE 1), while 7

patients presented recurrent seizures (ILAE 2-6) (average follow-up of 25 months).

In total, 172 electrodes were located inside and 428 electrodes outside the surgical

resection margins. Patient demographics are summarised in Table 7.

Table 7: Demographics of the patient cohort, adapted from [206].

Patient

1

10

11

12

13

14

15

16

Gender /
Age

M/ 25

M/ 33

F/20
F/20
M /40
M/ 48
M/ 25
F/21
M/ 52
M /37
M/ 36
M/ 49

M /17

F /46

F/31

F/17

Histology/
Pathology

HS and gliosis

Glioma

HS

HS

HS

HS

HS

HS

HS
FCD 2b
FCD 2b

Ganglioglioma

FCD 1a

FCD 1b

Gliosis

FCD 2a

Epilepsy
type

TLE

TLE

TLE
TLE
TLE
TLE
TLE
TLE
TLE
ETE
ETE
ETE

ETE

ETE

ETE

ETE

Electrode
type

Depth & Strip

Depth

Depth
Depth
Depth
Depth
Depth
Depth
Depth
Grid & Strip
Grid & Depth
Grid & Depth
Grid & Depth

Grid & Strip &
Depth

Grid & Strip

Grid & Depth

64

Surgery

sAHE;
Les

sAHE;
Les

sAHE
sAHE
sAHE
sAHE
sAHE
sAHE
sAHE
Les
Les
Les

Les

Les

Les

Les

# of bipolar elec.
(# of resected)

43 (9)

56 (12)

35 (12)
56 (12)
56 (12)
56 (12)
56 (12)
56 (12)
56 (12)
37 (3)
72 (3)
40 (21)

60 (3)

47 (1)

30 (4)

40 (3)

Outcome /
ILAE score
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17 M/ 30 FCD 2a ETE Grid & Depth Les 39 (30) 5
18 M/ 40 FCD 2a ETE Strip & Depth Les 23 (3) 5
19 M/ 38 Cavernoma ETE Grid Les 46 (6) 6
20 M/ 17 FCD 3 ETE Grid Les 14 (5) 5

M=male: F=female; HS=hippocampal sclerosis; FCD=focal cortical dysplasia; TLE=temporal lobe
epilepsy; ETE=extratemporal epilepsy; Les=lesionectomy; sAHE=selective

amygdalahippocampectomy; ILAE=International League Against Epilepsy;

4.1.1.6 Ethical considerations

No ethical considerations were raised throughout the present study. The dataset
used was already acquired at the Neurosurgery Department of the University
Hospital of Zurich from 2012 to 2016, where ethical approval was obtained by the
research ethics committee (Kantonale Ethikkommission KEK-ZHNr. 2012-0212) and
collection of patients’ written informed consent was waived [206]. | obtained the data
from CRCNS.org (IEEG Dataset-CRCNS.org, accessed on 28/10/2025), where they

were freely available for researchers and were also fully anonymous. Finally, this

work is not meant in any way to be used for clinical purposes, but only to guide and

propel future research.

4.2 Data preprocessing

4.2.1 Manual 3D modelling of iEEG implantations

For preprocessing the raw iEEG data, | worked in MATLAB and more specifically
in the Brainstorm environment [208]. The first step was to create personalised 3D
models for each patient’s IEEG implantation, to enable visual representation of the
networks generated later on. In the absence of anatomical data in the current
dataset, each patient’s brain anatomy was represented by the Montreal Neurological
Institute (MNI) ICBM152 template, which included all the basic surfaces (head, outer
skull, inner skull, and cortex). The co-registration of the iEEG electrodes was done in
an approximating manner, with each electrode’s position manually fixed on the 3D

brain model according to 2D iEEG placement representations provided within the
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dataset’s documentation. Two representative examples of 3D representations of a
purely SEEG (Patient #4) and a combined SEEG and ECOG implantation (Patient
#16) can be seen in Figure 11. Similar figures for all patients can be found in

Appendix 1.

Patient #4

Figure 11: 3D representations (right), created manually in Brainstorm from the 2D
implantation schemes provided in the dataset's documentation (left). A) Patient #4: purely
SEEG implantation bilaterally into the hippocampus and parahippocampal areas. B) Patient
#16: combined SEEG and ECOG implantation in the left frontocentral region.
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4.2.2 iEEG data re-referencing and filtering

The raw IEEG data for each patient were transformed from the common
intracranial reference into a single-spacing bipolar montage (Ch1-Ch2, Ch2-Ch3,
Ch3-Ch4,...). This choice was made as, according to the literature, a bipolar
montage is generally preferred over a monopolar when studying HFOs [118]. In
addition, single spacing is commonly chosen over double spacing (Ch1-Ch2,
Ch3-Ch4, Ch5-Che,...) when the patient is implanted with less than 150 electrodes
[209], which is the case for all patients of the current dataset. Information on the
resection status of the electrodes (resected or non-resected) was also provided in a
bipolar format, which further pushed for the use of this montage in this work. In TLE
patients (Patients 1-9), only the 3 most mesial bipolar channels were considered for
further analysis, since no information was available on the resection status of the
remaining (more lateral) SEEG contacts. As indicated in the dataset’s
documentation, channels in which electrical stimulation caused motor or language
responses were marked as “important eloquent tissue” and were removed from
further analysis. All raw data were subsequently notch filtered at 50Hz (2nd order IIR
filter with zero lag phase), to control for line noise (50 Hz: line noise frequency in

Switzerland).

4.2.3 Extraction of data segments with and without HFOs

For each night of iEEG recording of every patient, | extracted twenty
non-overlapping 3-second segments of interictal data with HFOs and twenty
segments without HFOs. As a segment with HFOs, | defined a 3-sec. data section
which contained at least one HFO, either ripple (80-250 Hz) or fast ripple (250-500
Hz), at any of the intracranial bipolar electrodes. As a segment without HFOs, |
defined a 3-sec. data section which did not contain any HFOs, at any of the
electrodes. A total of 1 minute of data (20 x 3 sec.) was chosen since this data

amount was found to generate stable FC networks [31], [37], [210], [211].
The detection of HFO events was performed manually inside the Brainstorm

environment by a single reviewer of our group (Christos Stergiadis). In each patient,

the following steps were carried out:
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1. From every night of recording, | randomly chose one of the 5-minute iIEEG
intervals.

2. | projected all data (from all electrodes) simultaneously on the computer
screen (24.8” LG monitor, 1980x1080), grouped by electrode (and
hemisphere, in cases of bilateral SEEG implantation).

3. | applied a visual band-pass filter to the data, one time between 80 and 250
Hz (to detect ripples) and one time between 250 and 500 Hz (to detect fast
ripples).

4. Forripples:

[. | set the amplitude of the signals to 50uV/cm, following the suggestion
of 5yV/mm in [118]

II. |setthe time scale to ~1.5 seconds per page (1050 pixels/second)

lll. | marked as a ripple an event with at least 4 oscillations clearly
standing out from the background with a duration of up to ~100ms
(Figure 12)

IV. for each suspected event | switched to the raw (broadband) signal to
ensure that the event is not the byproduct of filtering of an interictal
spike (Figure 13)

V. | discarded spike-ripples

5. For fast ripples:

[. |setthe amplitude to 25uV/cm

II. |setthe time scale to ~1.5 seconds per page (1050 pixels/second)

lll. 1 marked as a fast ripple an event with at least 4 oscillations clearly
standing out from the background with a duration of up to ~40ms

6. HFO events (ripples or fast ripples) occurring less than 10 ms apart in the

same electrode were considered a single event.

In cases where not enough HFOs could be identified from a single interval, then |
chose an additional interval from the same night and followed the same procedure
until | achieved the target of twenty in total non-overlapping 3-sec. segments with
HFOs.
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For the detection of segments without HFOs, twenty 3-sec. data segments were
extracted, with each of them showing no high-frequency activity (stable HFA or HFO
events) in the ripples and fast ripples bands simultaneously. | aimed for segments

that were characterised by relatively stable, non-rapid EEG activity.

Real HFO (Ripple)

MMWWWJ\MMWMMMWWMMW
WMWWMMNMMVWNWNHMW\AMMW\MWWMMWMM

ANBNALAAANAPAAN AL A AARA AN\ P A LA Sor i p st N prrar s A A\

Figure 12: Detection of a High Frequency Oscillation (HFO) inside the Brainstorm
environment. A representative HFO in the iEEG recording of patient #12 is depicted in the

filtered (top) and raw/broadband signal (bottom).

69



Chapter 4 - Dataset and Network Construction

Artifact (Filtered spike)

| |
Filtered (80-250 Hz)

R e e

2825 283

282.5 283

Figure 13: A representative HFO-like artifact (top) generated due to the filtering of an
interictal spike (bottom).
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By following the above pipeline, | ended up with 18 DRE patients having at least
one night of recordings where 1 min. (20 x 3sec.) of data with HFOs and 1 min. of
data without HFOs could be extracted. Patient 8 and Patient 15 were excluded from
further analysis as the recordings of the former did not contain enough HFO events,
while the data of the latter presented very frequent high-amplitude activity at the
ripple band, making it impossible to clearly detect single HFO events on one hand

and clean background activity on the other (Figure 14).

| | |
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Figure 14: Continuous high-frequency activity observed in all intervals and nights of patient
#15. The detection of HFOs in these recordings was deemed risky, and the exclusion of the

patient from further analysis was decided.

4.3 Functional Connectivity computation

In the present work, | used several functional connectivity approaches for
studying how the different brain areas are functionally interconnected. More
specifically, the orthogonalized amplitude envelope correlation (0AEC) [212], the

nonparametric directionality (NPD) [213], and the direct directed transfer function
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(dDTF) [214] were utilised. oAEC and dDTF have been used in similar iEEG
investigations of the EZ [37], [41], [203], while NPD was chosen for its potential to
better capture connectivity than traditional parametric approaches [213]. As the
nature of the study is exploratory, | wanted to investigate both directed (NPD and
dDTF) and undirected (0AEC) connectivity techniques. Directed connections are
defined as those that, besides quantifying the strength of the interaction, also convey
information about the directionality of that interaction (who influences whom). On the
other hand, undirected connectivity only provides information on how strongly or
weakly two elements (brain regions in this case) are interacting with each other. This
difference is embedded in the corresponding adjacency matrices (N x N), containing
the pairwise connectivity between all electrodes (Figure 15). These matrices are
symmetric in the case of undirected techniques and asymmetric in the case of

directed ones.

All three techniques were computed separately in eight frequency bands. As
already mentioned in the preceding chapters, one of the aims of this work is to
extend FC analysis above the conventional frequencies (above gamma). For that
reason, here, | explored functional connectivity in a wide frequency spectrum (from
delta to fast ripples), to examine the transition of the connectivity patterns through
increasing frequencies. More specifically, in this work, the studied frequency bands
were: delta (2—4 Hz), theta (57 Hz), alpha (8-12 Hz), beta (15-29 Hz), low-gamma
(30-59 Hz), high gamma (60-79 Hz), ripples (80-250 Hz), and fast ripples (251-500
Hz).
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OAEC ~ NPD  dDFT

channels (nodes)

channels (nodes)

0 0.1 0.2 0.3 0.4 0.5

Figure 15: Adjacency matrix examples for the connectivity techniques used in this work
(directed and undirected). Each element of an adjacency matrix represents the connectivity

value between a specific pair of electrodes at a patient.

orthogonalized Amplitude Envelope Correlation (0AEC)

Assuming x(t) and y(t) are two iEEG time series, then x(t) = a}(t)e](p;(t) and

- (1)
y(t) = a}(t)eﬂpy are their analytic signals after applying a Hilbert transform. The

amplitude envelope correlation (AEC) is an undirected measure that quantifies the
connectivity between the two time series x(t) and y(t), by measuring the linear
(Pearson) correlation between their amplitude envelopes (defined as the absolute
values of their analytic signals) [212]. An orthogonalisation step is commonly used to
compensate for the spatial leakage and to remove all zero-lag signals between the
studied brain regions (electrodes) [35]. In the present work oAEC was chosen as it is
a measure able to detect signal coupling without phase coherence even between
different frequencies [37], [212], [215], while it has also previously demonstrated the

association between AEC-based networks and the EZ in drug-resistant epilepsy [31],
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[35], [37], [216], [217], [218]. oAEC was computed with Brainstorm, and the adjacency

matrices were extracted in MATLAB for further analysis.

Nonparametric Directionality (NPD
Nonparametric directionality [213] uses a combination of time and frequency

domain techniques to decompose the coherence function (Equation 1) by direction.

2 |l _

Here Ryx(u)) is the coherence between two random processes x and y, where fyx(w)

is the cross power spectral density (or cross-spectrum) between x and y, and fyy((o)

and fxx(‘*’) are the autospectra at frequency w.

The total product moment correlation between (x, y), which is denoted as R?,,

can be recovered by integration of the coherence [219].

+m
2 1 2 .

R = ?_fn |Ryx(w)| dw (Equation 2)
The decomposition of R?, by direction is achieved using a novel form of filtering,
which reduces the coherence to the cross spectrum. More specifically, the minimum
mean square error (MMSE) whitening scheme is introduced, which, after being

applied, results in the generation of two new (or derived) random processes x* and

y", which have spectra equal to 1 at all frequencies: f* =1, fwyy=1

2 2
As such, the coherence can be calculated from |R” ()| = fW (w)
yx yx

However, the relationship between the variables is preserved, as coherence is
insensitive to linear transformations of the original signals [220].

Thus, the coherence of the whitened and non-whitened processes are equal

7 )| =k @l

The scalar measure of dependence between x and y, R%,,, can now be written as

Xy?
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+m 2
Rzyx =Ly | fwyx(oo)| do (Equation 3)

and its final decomposition by direction is achieved through the introduction of a

correlation measure in the time domain, p,,(T), with time lag 7, which forms a Fourier

transform pair with the pre-whitened cross spectrum fwyx(u)), as

P (@ =3 17, @)™ (@)dw (Equation 4)

Then R?,, can be decomposed by lag according to
+o00
2 2 .
R, = _foo |pyx(r)| dt (Equation 5)
This equation can be proved using Parseval’s theorem.

Further decomposition of R%, by lag to obtain measures of directionality is achieved

by selecting the required lag range in Equation 5.

Three measures which form a subset of R%, are used, namely: R%,,, R%,, and R%,.,

which measure the directionality: x <y, x < y and x — y, respectively. As such, R?,,

Xy-»

is finally decomposed summatively into three components:

Roo= I o, @ o, @ + | |p @fdr

In the present work, | implemented NPD in MATLAB using the corresponding
functions from the NeuroSpec GitHub repository (accessed on 28/10/2025).

irect Dir Transfer Function (dDTF
Directed transfer function is rooted in the concept of Granger causality prediction
modelling [198], transferred in the frequency domain. Signal y(t) has a Granger
causal effect on x(t) when adding the past of y(t) improves the prediction of signal
X(t) [221]. More specifically, trying to predict a value of x(t) using p previous values of

the series x only, gives a prediction error e:
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p

x() = Y A x(t —J) +e(®)
j=1

At the same time, predicting a value of x(t) using p previous values of the series x

and p previous values of y gives another prediction error e1:

p p

KO = L AxXE =)+ B A=)+ el
j= j=

If the variance of e1 (after including series Y to the prediction) is lower than the
variance of e, then Y causes X in the sense of Granger causality. To evaluate this
causality in multichannel data (such as the iIEEG data in this case), a multivariate
autoregressive (MVAR) model is fitted to the recorded signals. Such a model
assumes that the value of x at time t depends on the p past values of the signal
itself, the p past values of signals at other electrodes and a random component [203].
The model order (p) determines the size of the prediction window. In my work, | used
a model order of 10, as this configuration has been previously implemented in
iIEEG-based FC investigations of the EZ [198]. In addition, this choice is further
justified by previous investigations that evaluated multiple multivariate models with
orders between 2 and 22 [222].

The MVAR model was subsequently transformed to the frequency domain. The
elements of the transfer matrix Hy( f ) describe the causal flow from channel j to i at
frequency f. The non-normalised DTF, which is directly related to the coupling

strength [223], is defined as:

NDTF, _(f) = |H (D]

The normalised version of DTF, which takes values from O to 1, is defined as:

H (D’
NDTF; _(f) _ ol :
2 |,

In the present study, | worked with direct Directed Transfer Function (dDTF), a
variant of DTF which emphasises direct interactions by weighting DTF values with
the partial coherence, thereby reducing the influence of indirect paths.
Distinguishing direct from indirect transmission is essential in the case of signals
from implanted electrodes [221]. | chose to work with dDTF over other directed

connectivity techniques, since this method has been proven efficient for similar
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interictal iIEEG investigations at both lower [192], [196] and higher frequencies [41],
[203]. Here, dDTF was computed in MATLAB using a group of specialised functions
of the FieldTrip toolbox [224].

For each night, oAEC and dDTF were computed separately in every 3 sec.
segment with HFOs and without HFOs across the eight different frequency bands.
Subsequently, for each technique and segment type, the 20 adjacency matrices
were averaged to produce the aggregate adjacency matrices (N x N) of the patient in
the specific night (Figure 16A). On the other hand, the approach to calculate NPD
measures was to construct spectral estimates using average periodograms across
the twenty 3-second segments, from which the NPD measures were calculated as in
[213].

For patients with only one night of iEEG recordings, these final adjacency matrices
were the ones used in the rest of the work (Figure 16B). On the other hand, for
patients with at least 2 nights of recordings, the aforementioned procedure was
implemented separately for two random nights and a mean adjacency matrix across
the nights was computed, to account for random confounders at specific nights
(Figure 16C).
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B)

Final Adjacency Matrix

A) Average across 20
3s segments

# of electrodes

# of electrodes

Final Adjacency Matrix:
Average across two nights

# of electrodes

Segments

# of electrodes

# of electrodes

Nights

# of electrodes

Figure 16: Final adjacency matrix construction in a patient. A) The connectivity matrices
computed in every 3 sec. segment of iEEG data are averaged across all 20 segments for the
specific night, resulting in an aggregate adjacency matrix. This procedure is implemented
one time for data with HFOs and one time for data without HFOs. B) In patients with single
night recordings, this aggregate matrix is the final adjacency matrix used for further network
analysis. In multiple-night recordings, the procedure is implemented in two random nights,
and the final adjacency matrix results from the mean of the two aggregate matrices (Night 1

and Night 2).

For each patient, the result of all of the aforementioned steps was the generation of
16 in total (2 HFO states x 8 frequency bands) final adjacency matrices for each
connectivity technique (0AEC, NPD, dDTF).

4.4 Network generation

In order to transform the adjacency matrices (N x N), that contain information on
the interconnectedness between pairs of IEEG electrodes, into quantifiable

measurements of the role of each channel in the functional brain network (1 x N) |
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utilised graph theory. Graph theory is a powerful mathematical tool that can
graphically illustrate complex networks by modelling pairwise relations between
objects. A graph (G) can be topographically represented by a set of nodes (V), which
are interconnected by a collection of edges (E), which serve as the links between
them. As a result, the mathematical representation of a graph is G=(V, E)

(Figure 17).

node

edge

N\

©

Figure 17: Graphical representation of a simple network containing eight nodes and nine

edges.

In functional brain networks, we define nodes as the recording sites (discrete
brain regions) and edges as the statistical measures of association between them. In
my study, each bipolar iIEEG electrode denoted a node, and the connectivity values
between the electrodes (computed through oAEC, NPD, and dDTF) represented the
edges. Since | did not apply any threshold for the connectivity values, the graphs are
characterised as “weighted directed” (when based on NPD and dDTF) and “weighted
undirected” (when based on oAEC). A graph can be characterised by a number of
different measures, which can either be global, meaning that they account for the
whole graph (network), or can be local, meaning that they quantify a property of a

specific node [225]. Here, | worked with local measures as my main goal was to
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identify specific localised network characteristics that could differentiate
epileptogenic from non-epileptogenic brain tissue, something that was only possible
at the local level. Four different local graph measures were computed, based on
each final adjacency matrix, using the Brain Connectivity Toolbox (BCT) [226] in
MATLAB. Prior to the computation of the measures, | curated each adjacency matrix
to the proper format by first fixing common connection problems (BCT's
weight_conversion.m function, ‘autofix’ option) and then normalising the fixed matrix
between its maximum and minimum value (BCT's weight_conversion.m function,
‘normalize’ option). The set of chosen local measures that | computed is presented

below:

1. Betweenness centrality (BC): Local betweenness centrality is a measure of

the importance of a node in a network based on the number of shortest paths
that pass through it (Figure 18A). Specifically, it quantifies the fraction of all
shortest paths between pairs of nodes in the network that include the given
node. In weighted networks, the shortest path is defined as the path with the
minimum total weight. A node with high BC contributes significantly to the
efficient transfer of information across the network, as it lies on many of these
shortest weighted paths. In the context of brain connectivity, such nodes may
correspond to regions that facilitate the integration of information between

different functional sub-systems. The BC of a node V can be calculated as:

a (V)
gy = ¥ —
s#EV#L st

where 0y is the total number of shortest paths from node s to node t and

o (V) is the number of those paths that pass through V. The sum is taken
over all pairs of nodes (s,t), where s#V#t. Since | worked with weighted
graphs, where the shortest path is determined based on the minimum total
weight, the computation of BC (which is a distance measure) dictated the
transformation of the adjacency matrices to a connection-length format. This
was done using BCT's weight_conversion command with the 'lengths' option.
This connection-length variant of the adjacency matrix was used only for the

computation of BC and not the other three local measures.
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2. Clustering Coefficient (CC): The local clustering coefficient of a node

quantifies the tendency of its neighbouring nodes to also be connected with
each other, forming a local cluster or triangle (Figure 18B). For a given node,
CC is defined as the ratio between the number of existing connections among
its neighbours and the maximum number of such connections that could
possibly exist. In weighted networks, the clustering coefficient can be
extended to account not only for the presence of connections but also for their
strengths. A high local clustering coefficient indicates that a node is part of a
tightly interconnected group, suggesting a locally specialised or segregated
function. In brain networks, high clustering around a region may reflect

localised processing or functional segregation within specific cortical areas.

3. Strength: Nodal strength is a measure that quantifies the total weight of all

connections linked to a given node (Figure 18C). In other words, it is the sum
of the weights of all edges connected to a node, reflecting the overall level of
connectivity or interaction that the node has with the rest of the network. In the
context of my work, a node/electrode with high strength is one that is strongly
coupled with many other nodes/ electrodes, potentially indicating a key role in
functional integration. Unlike degree, which counts the number of
connections, strength incorporates the magnitude of those connections. For a

node i, nodal strength S, is defined as:

where w; is the weight of the edge between node i and node j.

In directed networks, like the ones generated with NPD and dDTF, |
additionally computed inward strength (strength based on edges that flow
towards the node), outward strength (strength based on edges that flow from
the node towards other nodes), and total strength (sum of both incoming and

outgoing edges).
4. PageRank (PR): PageRank is a centrality measure that reflects the influence

of a node based on the importance of its neighbours (Figure 18D). Originally

developed for ranking webpages, it has been adapted for brain networks to
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identify nodes that are not only well-connected but also connected to other
highly influential nodes. In a weighted network, PageRank considers both the
number and the strength of established connections, distributing a node’s
importance proportionally across its neighbours. Unlike simple degree or
strength measures, PageRank captures recursive importance (nodes are
influential if they are connected to other influential nodes). In this work, |
chose this measure over Eigenvector Centrality (EC), as BCT did not support
EC computation for directed graphs (such as NPD and dDTF-based graphs).
The damping factor, which represents the probability with which the influence
flows through existing connections rather than randomly jumping to any node
in the network, was set to 0.85, which is the most typical setting in brain

studies.

| chose the specific set of measures (BC, CC, nodal strength, and PR) because
together they capture complementary aspects of network integration and
segregation, providing a more comprehensive understanding of brain network

organisation.
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Figure 18: Local graph measures used to study the brain networks of the DRE patients of
the present study. A) Betweenness centrality is high in nodes with an increased number of
shortest paths passing through them. B) Clustering coefficient of a node increases when its
immediate neighbours are also connected with each other. C) Strength of a node quantifies
how strongly the node is interconnected in the network. D) PageRank is a measure that

reflects the centrality and influence of a node based on the importance of its neighbours.

For each connectivity technique (0AEC, NPD, dDTF), | computed every local
graph measure separately on each of the 16 (2 HFO states x 8 frequency bands)
final adjacency matrices previously computed in 4.2. This resulted in 16 arrays (N x
1) containing the specific local measure’s value in each electrode for the
corresponding state and frequency. In the following chapter, | make use of these
local graph measures to study the connectivity characteristics of epileptogenic and
non-epileptogenic tissue, and assess their value in identifying the EZ and predicting

the surgical outcome in the patients of our cohort.
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A summary schematic representation depicting the overall processing pipeline, from
electrode acquisition and modelling to the functional network generation, is

presented in Figure 19 below.

a. iEEG implantation b. Segments extraction

3 sec. 3 sec.
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Figure 19: Overall processing pipeline. a) Schematic representation of the iEEG implantation
(combined depth and subdural electrodes) in a patient: #12. b) Selection of 1 min. data (20
segments x 3 sec.), through visual review, for each HFO state: without HFOs with yellow,
with HFOs with blue. c) Functional connectivity (FC) estimation using three different
techniques: orthogonalized amplitude envelope correlation (0AEC), nonparametric
directionality (NPD), and direct Directed Transfer Function (dDTF). Each element of the
adjacency matrix represents the pairwise connectivity between two different channels
(nodes) in the network. d) Averaging across the 20 segments and the two nights of recording
(except cases of single-night recordings), followed by the computation of four local graph
metrics: betweenness centrality (BC), clustering coefficient (CC), nodal strength, and

PageRank (PR)].
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4.5 Validation against power confounds

High-frequency FC can be influenced by local power [227]. To ensure that any
observed differences in connectivity were not trivially explained by power, | repeated
the entire analysis on prewhitened signals. Prewhitening was performed using
autoregressive (AR) models, which removed predictable autocorrelations and
thereby equalised spectral power across channels while preserving cross-channel
dependencies. | tested model orders of 10 and 20 to confirm the robustness of the
approach. Adjacency matrices and graph-theoretical measures were then
recomputed from the whitened signals. This analysis served solely as a control, with
the primary results reported later in this study being based on the original,

non-whitened data.
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Interictal iIEEG Functional Connectivity
Identifies Epileptogenic Tissue and

Predicts Outcome in DRE Patients

5.1 Introduction

The vast majority of existing literature links epileptogenic tissue with increased
functional connectivity interictally (see 3.2.1). Many studies have utilised this network
property to identify the EZ using different classification schemes [36], [41], [204], while
others attempted to predict the surgical outcome of DRE patients based on the
resection of highly connected areas (see 3.2.2) [37], [201], [228] All these works
however, used FC and networks computed on conventional frequencies (from & to
Y), leaving connectivity at higher frequencies greatly unexplored. Moreover, very few
studies have investigated the effect that HFOs have on FC and network measures, a

factor that could be important when interpreting results.

In this chapter, | aim to address these gaps by exploring the influence of HFOs on
FC computed using different techniques (0AEC, NPD, dDTF), and by assessing
whether extending FC analysis to higher frequencies adds value to the identification
of the EZ and the prediction of surgical outcome. In the following sections, | discuss
the methodology and statistical tests used, present my results, and critically discuss

them in light of the most recent literature.
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5.2 Methodology and statistical analysis

The methodological approach for computing FC and generating the functional
network in each patient is detailed in Chapter 4. As described, for each patient, |
used 3 connectivity techniques (0AEC, NPD, and dDTF) (see 4.3) and computed 4
local graph measures (nodal strength, BC, CC, and PageRank) (see 4.4) across 8
frequency bands (delta to FRs) in 2 different data types (segments with HFOs,
segments without HFOs). These networks form the basis for the investigations
presented in the rest of this chapter. The methodological steps described below were

implemented separately for each FC technique.

5.2.1 Functional connectivity differences between interictal
data with and without HFOs

Here, | aim to investigate the effects that HFO events can have on FC estimates.
In each patient, | normalised each graph measure (range: 0-1) using the measure’s
highest and lowest value in either of the two states (data with HFOs or data without
HFOs), since | measuring from the same electrodes at different time points. Similar
normalisation methodologies have been followed in previous works [31], [37]. |
assessed the distribution of FC measures using the Shapiro-Wilk normality test and
observed that the data followed a non-normal distribution. To assess the differences
in FC between data types, | calculated, for each local graph measure and frequency
band, its median value in each patient. | used median values since the number of
electrodes was relatively small, so outliers would have a large impact when using the
mean, while similar previous works have also used median instead of mean [37],
[203]. | then compared pairwise (Wilcoxon matched samples test [singrank.m])
across all patients (N=18). Here, | did not investigate separately for good and poor
outcome patients. The results from these comparisons are presented in section
5.3.1.

5.2.2 Functional connectivity inside vs. outside resection
Here, to assess whether FC differs between epileptogenic and non-epileptogenic
tissue, | used the resection zone. To compare the FC between resected and

non-resected electrodes, | first normalised (range: 0-1), at the patient level, each
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graph measure using the measure’s highest and lowest value for the specific
frequency band and data type. Then, for each patient, | calculated the median value
of each graph measure one time for electrodes inside resection and one time for
electrodes outside. | subsequently compared pairwise these median graph measure
values (inside vs. outside resection), separately for good- and poor-outcome
patients, in all frequency bands (Wilcoxon matched samples test [singrank.m]).

Results from these comparisons can be found in section 5.3.2.

5.2.3 FC-trained ML models for identifying the EZ

Here, | tested the ability of FC measures in predicting the EZ. | based on the
assumption that in good outcome patients, the crucial epileptogenic areas were
contained within the resection, while in poor outcome patients, they were not. In this
sense, | trained ML models using data only from good outcome patients to have
more objective margins between EZ areas (inside resection) and non-EZ areas
(outside resection). MATLAB’s Classification Learner App was used for training and
testing the FC-based classifiers. Each classifier was trained only on the network
measures that were found to significantly differ inside compared to outside the
surgical resection during earlier investigations (see 5.3.2). | defined as true positive
(TP) a resected electrode correctly identified as EZ, false positive (FP) a
non-resected electrode identified as EZ, true negative (TN) a non-resected electrode
correctly identified as non-EZ, and false negative (FN) a resected electrode identified
as non-EZ. Based on these measures, sensitivity [TP/(TP+FN)] and specificity
[TN/(TN+FP)] were computed, and the ROC curve was generated. The area under
the curve (AUC), defined as the integral of the ROC curve, was then estimated. AUC
ranges from 0 to 1 and represents overall classification performance. These AUC
values were finally reported together with precision [TP/(TP + FP)] and recall

(sensitivity).

An issue that arose was the greatly imbalanced number of instances in the two
classes (# of resected electrodes << # of non-resected electrodes). To address this
problem, similar works have used cost-sensitive learning models which assigned a
high cost to the misclassification of the minority class [35]. Other studies used
techniques that oversample the minority class or downsample the majority class (or

both) [41]. Here, applying cost-sensitive parameters would be inefficient due to the
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large number of factors under study (different FC methods, frequencies, and HFO
states), which would require careful parametrisation in each combination of these
factors to achieve the optimal classification. This would complicate the reporting and
generalizability of the results, and would oppose my goals of a fully automatic
pipeline. | also did not want to introduce synthetic data to the analysis by using
techniques such as synthetic minority oversampling (SMOTE). As such, | decided to
downsample the majority class. | ended up training the classifiers in 100 different
random subsets of equal number of instances between the two classes (Class 1:
resected, Class 2: non-resected) to increase the robustness of my approach. For
each classification algorithm, | then calculated the mean AUC to assess its

performance.

As my work is exploratory in nature, | evaluated 11 different classification models,
all implemented inside MATLAB'’s Classification Learner App (with their default
settings), to choose the best performing one (highest AUC). Namely, these
algorithms were the: 1) Tree_Fine variant, 2) Tree_Medium variant, 3) Tree_Coarse
variant, 4) Logistic Regression, 5) SVM_Linear, 6) SVM_Fine variant, 7) Naive
Bayes _Gaussian, 8) kNN_Fine wvariant, 9) KkNN_Cubic variant, 10)
Ensemble_Bagged variant, and 11) Ensemble_Subspace Discriminant variant. |
evaluated each model using 5-fold cross-validation, where the dataset was randomly
divided into five equal-sized subsets, each used once as a test set. The ML results

are presented in section 5.3.3.

5.2.4 Prediction of surgical outcome

Here, | assessed whether the removal of nodes with specific FC characteristics
(nodes with FC above or below a threshold) can predict the surgical outcome of
patients. For this purpose, | first chose the best performing classifier from 5.2.3 and
trained it using only the local graph property that was found to be significantly higher
or lower inside compared to outside resection in good outcome patients in 5.2.2. |
then extracted the optimal graph measure threshold by finding the maximum Youden
Index [229], which identifies the threshold that best separates classes by balancing
sensitivity and specificity. After finding the threshold, | calculated for each patient the

ratio (overlap) of resected “hubs” or “sinks” (nodes with FC above or below this
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threshold) to the total number of clinically resected electrodes. This was called

electrode overlap.

| then started a new classification based on these electrode overlap values. This
classification was implemented manually, by generating overlap thresholds ranging
from 0% overlap to 100% overlap with a 5% step, in accordance with previous works
[37]. In each step, | checked in every patient if their electrode overlap value
exceeded this threshold. Simultaneously, | checked the outcome of the patient and |
calculated the following classification metrics: TP (Overlap above threshold and good
outcome), FP (Overlap above threshold and poor outcome), TN (Overlap below
threshold and poor outcome), and FN (Overlap below threshold and good outcome).
After doing that for all patients, | then summed each metric and checked how many
TPs, FPs, FNs, and TNs the specific threshold scored. Finally, based on these
metrics, | calculated the positive predictive value (PPV)=TP/(TP+FP), the negative
predictive value (NPV)=TN/(TN+FN), and the prediction accuracy=(TP+TN) /
(TP+TN+FP+FN) for this overlap threshold. After following this procedure for all
thresholds, | chose the optimal electrode overlap threshold by computing the

maximum Youden index for the classification.

The last step was to run Fisher's exact test to assess whether resecting a certain
percentage of hubs (or sinks) predicted good outcome. To run this test, | used the
optimal overlap threshold found in the previous step and created a new set of TP, FP,
FN and TN values. Now TP_Fisher: Patients with resected hubs who became
seizure-free, FP_Fisher: Patients with resected hubs who continued having seizures,
TN: Patients with missed hubs who continued having seizures, and FN_Fisher:
Patients with missed hubs who still became seizure-free. Subsequently, | created a
square 2x2 table: [TP_Fisher, FP_Fisher; FN_Fisher, TN Fisher] and computed
Fisher's test with the corresponding MATLAB command (fishertest.m). If the test
generated statistically significant results, then removing hubs (or sinks) above the
optimal overlap threshold could predict surgical outcome in DRE patients. The

corresponding results are presented in section 5.3.4.
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5.2.5 Statistical considerations

All analyses were performed in MATLAB 2019a. | considered a statistical
significance for p < 0.05. Where appropriate, the False Discovery Rate (FDR)
method was used to correct significance for multiple comparisons, in accordance

with similar previous works [37], [199].

5.2.6 Overview of methodological steps and research
questions

Overall, by following the methodological pipeline detailed above, | first seek to
investigate the effects of HFOs in FC by answering RQ1: “Does FC differ
significantly when computed in data segments with and without HFOs?”. Then |
explore the characteristics of FC in the epileptic brain by answering RQ2: “Can
specific functional connectivity measures differentiate epileptogenic from
non-epileptogenic tissue in DRE patients?”. By finding specific patterns of FC, |
assess the capabilities of machine learning models trained on FC properties in
identifying the EZ, answering RQ3: “Can machine learning algorithms, trained on
different functional connectivity measures, predict channels that belong to the EZ?”.
Finally, | test whether resection of specific channel groups, determined by their
connectivity profiles, can serve as a predictor of surgical outcome in DRE patients,
by answering RQ4: “Does resection of hub/sink nodes (channels) in the generated

networks predict the surgical outcomes of DRE patients?”.
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5.3 Results

This section presents the results of the different investigations described in
section 5.2, which are based on the network metrics defined in section 4.4. A

discussion of the findings is provided in the subsequent section 5.4.

5.3.1 oAEC-based FC at high frequencies is significantly
affected by the presence or absence of HFOs

To assess the effect of HFOs on FC computations, | assessed the differences of
each local graph measure between networks generated from segments with and
without HFOs. For oAEC, | observed lower nodal strength in interictal data with
HFOs compared to data without HFOs (p<0.05) for the ripple band (HFOs: 0.27 +
0.17, no HFOs: 0.53 % 0.10, decrease: 95%) (Figure 20A). | also observed
decreased clustering coefficient in data with HFOs for the high gamma (HFOs: 0.27
+ 0.20, no HFOs: 0.60 = 0.27, decrease: 119%), and ripple bands (HFOs: 0.27 +
0.20, no HFOs: 0.62 = 0.12, decrease: 133%) (Figure 21A). No significant

differences were observed between the two states in PR and BC.
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Figure 20: Nodal strength and total strength (totstrength) for segments with and without HFO
events across all patients using: A) oAEC, B) NPD, and C) dDTF. Significant differences are

marked with an asterisk (p< 0.05, Wilcoxon’s signed-rank test).

92



Chapter 5 - Interictal FC Identifies Epileptogenic Tissue and Predicts Surgical Outcome

Delta Theta Alpha Beta Low Gamma High Gamma Ripples Fast Ripples

1 1 <.01 <.01
T _—

v 08 — T - +— |os _ — —
NI=) D ' ! : == LT
2 o 08 0.6 . |

< 04 L 1 1 0.4 ]

s | 1 1 £ 1 N

0.2 H H 0 0.2 H H
L L =L

0 0

1

0.8

Q —_

- N (R e I 1T ot _
=" B Ses B =& B g T
z — M
02f + ! ! = . * =]
- L+ L 4 + + L T
0
1
T T 0
St ] = = - OB S
a 04 T 1 I 'y I
= €L ! <L 1 €L + .
0.2 L H - ! L L L oL -

[ |Data without HFOs [ Data with HFOs

Figure 21: Local clustering coefficient for segments with and without HFO events across all
patients using A) oAEC, B) NPD, C) dDTF. Significant differences are marked with an

asterisk (p<0.05, Wilcoxon’s signed-rank test).

For NPD and dDTF, | observed no significant differences in any local graph measure
(BC, CC, PR, total strength, inward strength, outward strength) between networks
derived from segments with and without HFOs. All findings from this section are

discussed in 5.4.1.

5.3.2 FC differs between epileptogenic and non-epileptogenic
tissue

In order to examine FC in the vicinity of the EZ, | compared the local network
properties inside and outside the resection, separately for good and poor outcome

patients.

5.3.2.1 oAEC

For oAEC computed in data with HFOs | observed increased nodal strength
inside resection compared to outside, only in good outcome patients (p<0.05) for
theta (in: 0.58 + 0.16, out: 0.35 + 0.18, increase: 67%), beta (in: 0.71 + 0.18, out:
0.27 £ 0.20, increase: 158%), low gamma (in: 0.71 £ 0.21, out: 0.27 + 0.19, increase:
160%), high gamma (in: 0.60 + 0.21, out: 0.24 £ 0.16, increase: 150%), and ripples
(in: 0.66 + 0.25, out: 0.35 £ 0.18, increase: 87%) (Figure 22). The same pattern was
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also observed for CC and PR for theta (CC increase: 66%, PR increase: 67%), beta
(CC increase: 138%, PR increase: 154%), low gamma (CC increase: 141%, PR
increase: 157%), high gamma (CC increase: 134%, PR increase: 148%), and ripples
(CC increase: 65%, PR increase: 83%) (Suppl. Figures S5 and S6). On the other
hand, BC showed no significant differences inside compared to outside the resection
in any outcome group (Suppl. Figure S7).

For oAEC computed in segments without HFOs, | did not find significant
differences inside (vs. outside) resection in any oAEC-based local graph measure.

This held true for patients with both good and poor surgical outcomes (Suppl.
Figures S8-S11).
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oAEC Strength - data with HFOs
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Figure 22: Orthogonalized amplitude envelope correlation (0AEC) nodal strength, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients. Significant differences are marked with an asterisk
() (p < 0.05, pairwise Wilcoxon signed-rank test). In the box-plot diagrams, the horizontal

line indicates the median value, the lower and upper edges represent the 25th and 75th

| |Inside Resection

| |Outside Resection

percentiles, and the whiskers extend to the minimum and maximum values.
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To emphasise the relationship of increased oAEC nodal strength with
epileptogenic tissue during the presence of HFOs, | illustrated oAEC nodal strength
one time for a good (Patient #4, ILAE 1) and one time for a poor outcome patient
(Patient #9, ILAE 5), across all frequency bands (Figure 23). For the good outcome
patient, electrodes (nodes) with increased nodal strength were observed inside the
resection, which in this case includes the important epileptogenic tissue, while lower
strength values are seen in distant (non-resected) brain regions. In contrast, nodes
of increased nodal strength were scattered in both resected and non-resected areas

in the poor outcome patient.
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Figure 23: Orthogonalized amplitude envelope correlation (0AEC) nodal strength at the
patient level across different frequency bands (from delta to fast ripples). The oAEC nodal

strength value in each bipolar electrode (node) is depicted one time for a good outcome
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(Patient #4, ILAE 1, fop) and one time for a poor outcome patient (Patient #9, ILAE 5,
bottom), using their 3D implantation models. Surgically resected electrodes are included in
the resection zone, illustrated with a solid red line. The oAEC strength values are
colour-coded: high oAEC nodal strength values are displayed in yellow; low oAEC nodal

strength values are displayed in dark blue.

5.3.2.2 NPD

For NPD computed in data with HFOs, | found no significant differences in any
local network measure (total strength, inward strength, outward strength, CC, PR,
and BC) when comparing nodes inside and outside the resection area for both good
and poor outcome patients (Suppl. Figures S12-S16). The same results were
obtained for NPD computed in HFO-free segments (Suppl. Figures S17-S22). Figure
24 illustrates total strength in segments with HFOs at nodes inside and outside the

resection areas, highlighting these non-significant variations.
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NPD Total Strength - data with HFOs
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Figure 24: Nonparametric directionality (NPD) nodal total strength, for segments with HFOs,
compared inside (pink) vs. outside (blue) resection separately for good (N=12) and poor
(N=6) outcome patients. Significant differences are marked with an asterisk (*) (p < 0.05,
pairwise Wilcoxon signed-rank test). In the box-plot diagrams, the horizontal line indicates
the median value, the lower and upper edges represent the 25th and 75th percentiles, and

the whiskers extend to the minimum and maximum values.
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5.3.2.3 dDTF

For dDTF computed in data with HFOs, | found no significant differences between
any local graph measure inside and outside resection in any surgical outcome group
(Suppl. Figures S23-S27). Figure 25 depicts total strength values inside and outside

the resection zone, illustrating the absence of statistically significant variations.

dDTF Total Strength - data with HFOs
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Figure 25: Direct directed transfer function (dDTF) nodal total strength, for segments without
HFOs, compared inside (pink) vs. outside (blue) resection separately for good (N=12) and
poor (N=6) outcome patients. Significant differences are marked with an asterisk (*) (p <
0.05, pairwise Wilcoxon signed-rank test). In the box-plot diagrams, the horizontal line
indicates the median value, the lower and upper edges represent the 25th and 75th

percentiles, and the whiskers extend to the minimum and maximum values.

For dDTF computed in data without HFO events, FC presented a different picture.
Outward strength was significantly lower inside, compared to outside the resection of
good outcome patients for beta (in: 0.24 + 0.18, out: 0.5 + 0.18, decrease: 122%),
low gamma (in: 0.19 + 0.16, out: 0.47 £ 0.20, decrease: 151%), high gamma (in:
0.17 £ 0.18, out: 0.47 + 0.22, decrease: 182%), and ripples (in: 0.23 £ 0.18, out:
0.50 £ 0.17, decrease: 116%) (Figure 26). Inward strength did not differ significantly
between the two areas in any frequency, for both outcome groups (Suppl. Figure
S28). In line with outward strength, total strength was also decreased inside
compared to outside the resection of good outcome patients for delta (decrease:
105%), theta (decrease: 94%), alpha (decrease: 102%), high gamma (decrease:
142%), and ripples (decrease: 82%) (Suppl. Figure S29). A similar pattern was
observed for CC J[alpha (decrease: 74%), beta (decrease: 89%), low gamma
(decrease: 115%), high gamma (decrease: 161%), ripples (decrease: 107%)]
(Figure 27), and PR [beta (decrease: 99%), low gamma (decrease: 112%), high
gamma (decrease: 146%), ripples (decrease: 101%)] (Suppl. Figure S30). On the
other hand, BC did not show any significant variations between nodes inside and

outside resection for any outcome group (Suppl. Figure S31).
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dDTF Outward Strength - data without HFOs
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Figure 26: Direct directed transfer function (dDTF) nodal outward strength, for segments
without HFOs, compared inside (pink) vs. outside (blue) resection separately for good

(N=12) and poor (N=6) outcome patients. Significant differences are marked with an asterisk

(*) (p < 0.05, Wilcoxon signed-rank test). In the box-plot diagrams, the horizontal line

indicates the median value, the lower and upper edges represent the 25th and 75th

percentiles, and the whiskers extend to the minimum and maximum values.
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dDTF Clustering Coefficient - data without HFOs
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Figure 27: Direct directed transfer function
without HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients. Significant differences are marked with an asterisk
(*) (p < 0.05, Wilcoxon signed-rank test). In the box-plot diagrams, the horizontal line

indicates the median value, the lower and upper edges represent the 25th and 75th

[ |Inside Resection

[ |Outside Resection

(dDTF) clustering coefficient, for segments

percentiles, and the whiskers extend to the minimum and maximum values.

103



Chapter 5 - Interictal FC Identifies Epileptogenic Tissue and Predicts Surgical Outcome

To highlight the relationship of decreased nodal outward strength and
epileptogenic tissue during the absence of HFOs, | depicted dDTF outward strength
across all frequency bands one time for a good outcome (Patient #16, ILAE 1) and
one time for a poor outcome patient (Patient #19, ILAE 6) (Figure 28). For the good
outcome patient, electrodes (nodes) of decreased outward strength are observed
inside the resection, which in this case includes the important epileptogenic tissue,
while higher outward strength values are seen in distant (non-resected) brain
regions. In contrast, nodes of decreased outward strength were scattered in both

resected and non-resected areas in the poor outcome patient.
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Figure 28: Direct directed transfer function (dDTF) outward strength at the patient level
across different frequency bands (from delta to fast ripples). The dTDF outward strength in

each bipolar electrode (node) is depicted one time for a good outcome (Patient #16, ILAE 1,
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top) and one time for a poor outcome patient (Patient #19, ILAE 6, bottom), using their 3D
implantation models. Surgically resected electrodes are included in the resection zone,
illustrated with a solid red line. The dDTF outward strength values are colour-coded: high
dDTF outward strength values are displayed in yellow; low dDTF outward strength values

are displayed in dark blue.

Boxplots for all FC techniques (0AEC, NPD, dDTF), graph-theoretical measures,
and experimental conditions (data with and without HFOs) are provided in Appendix

1 (Supplementary Figures S5-S31).

All findings from this section are discussed in detail in section 5.4.2.

5.3.3 FC-based ML classifiers can identify the EZ

Since specific local graph measures significantly differ between areas inside and
outside the resection of good outcome patients, | assessed their value in identifying
the EZ using ML classifiers (as described in section 5.2.3). NPD-based networks
were excluded from further analysis, since no patterns of significant differences were

found in good outcome patients in section 5.3.2.2.

| found that from the 11 different models trained (see section 5.2.3), Logistic
Regression (LR) and Support Vector Machine (SVM) algorithms had the best
performance in predicting the EZ. For oAEC-based networks, LR had superior
performance over all other models across all frequencies, when data both with HFOs
[(AUC=0.76, precision=0.71, recall=0.69] and without HFOs [AUC=0.67,
precision=0.64, recall=0.63] were considered (Figure 29). For dDTF-based networks,
LR [AUC=0.68, precision=0.64, recall=0.66] outperformed all other algorithms in
data with HFOs, while SVM [AUC=0.70, precision=0.64, recall=0.76] was marginally
better in data without HFOs (Figure 30).
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Figure 29: Performance (mean AUC across all frequencies) of 11 different ML algorithms,

trained and tested on oAEC-based network measures (CC, PR, and nodal strength) of good

outcome patients for predicting the EZ. The Logistic Regression algorithm had the best

performance both in data with and without HFOs.
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Figure 30: Performance (mean AUC across all frequencies) of 11 different ML algorithms,

trained and tested on dDTF-based network measures (CC, PR, outward strength, and total

strength) of good outcome patients for predicting the EZ. The Logistic Regression and

Support Vector Machine (SVM) algorithms yielded the best results with closely matched

performances.
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The LR algorithm was chosen for all further analysis since it showed consistently
superior performance in both connectivity techniques and data types. Figure 31
illustrates the performance of the LR algorithm across different frequencies for both
oAEC and dDTF-based networks and for data with and without HFOs. Using cAEC
connectivity in data with HFOs provided the best results in all but the fast ripples
band, with beta (AUC=0.87, precision=0.80, recall=0.79) showing the best
performance, followed by ripples (AUC=0.80, precision=0.76, recall=0.76).
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Figure 31: Performance (AUC values) of a Logistic Regression classifier trained and tested
on OAEC-based and dDTF-based network measures of good outcome patients for

predicting the EZ.

All models predicted the EZ, with moderate to good performances (AUC: 0.57-0.87),

as can be seen in Figure 32.
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Figure 32: ROC curves representing the classification between EZ (inside resection) and
non EZ electrodes (outside resection) in good outcome patients. A Logistic Regression
classifier was trained and tested on: i) )oAEC-based network measures computed on iEEG
data without HFOs (top left), ii) oAEC-based network measures computed on iEEG data
with HFOs (top right), iii) dDTF-based network measures computed on iEEG data without
HFOs (bottom left), and iv) dDTF-based network measures computed on iEEG data with
HFOs (bottom right).

The results from the ML analysis are discussed in detail in section 5.4.3.

5.3.4 Resection of “sink” nodes predicts surgical outcome

To test the prognostic value of resecting “hub” or “sink” nodes (nodes with FC
above or below a certain threshold respectively) | assessed whether their overlap
with resection was predictive of good surgical outcome or not. | chose 0AEC nodal
strength to define hub nodes, as this metric was found to be significantly increased
inside resection of good outcome patients (see 5.3.2.1). | also chose dDTF outward
strength to define sink nodes, as this measure was proven to be significantly lower

inside the resection of the same patient population (see 5.3.2.3).
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Resection of hub nodes did not predict outcome for any frequency band or data type

(p > 0.05in all, Fisher’s exact test) (Figure 33).
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Figure 33: Prediction of surgical outcome across different frequency bands based on

O0AEC-derived nodal strength in iIEEG data with HFO events. Resection of hub nodes (nodal

strength > threshold) was not predictive of good surgical outcome for any frequency band

(p>0.05, Fisher’s exact test). PPV: positive predictive value, NPV: negative predictive value.

On the other hand, resection of sink nodes was predictive of outcome when dDTF

was computed in data with HFOs, for low gamma [p = 0.01, optimal threshold = 0.51,

overlap = 65%], high gamma [p = 0.01, optimal threshold = 0.55, overlap = 65%],

and fast ripples [p = 0.01, optimal threshold = 0.51, overlap = 70%] (Figure 34).
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Figure 34: Prediction of surgical outcome across different frequency bands based on
dDTF-derived nodal outward strength in iEEG data with HFO events. Resection of sink
nodes (nodal outward strength < threshold) was predictive of good surgical outcome for the
low gamma, high gamma, and fast ripples bands. Significant results are marked with an
asterisk (*) (p<0.05, Fisher’s exact test). PPV: positive predictive value, NPV: negative

predictive value.

Similarly, when dDTF was computed in data without HFOs, resection of sink
nodes was again predictive of outcome for beta [p = 0.01, optimal threshold = 0.50 ,
overlap = 70%], low gamma [p = 0.01, optimal threshold = 0.54 , overlap = 70%],
high gamma [p = 0.02, optimal threshold = 0.53 , overlap = 65%], ripples [p = 0.01,
optimal threshold = 0.50, overlap = 80%], and fast ripples [p = 0.02, optimal
threshold = 0.49 , overlap = 55%] (Figure 35).
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Figure 35: Prediction of surgical outcome across different frequency bands based on
dDTF-derived nodal outward strength in iEEG data without HFO events. Resection of sink
nodes (nodal outward strength < threshold) was predictive of good surgical outcome for the
beta, low gamma, high gamma, ripples, and fast ripples bands. Significant results are
marked with an asterisk (*) (p<0.05, Fisher’s exact test). PPV: positive predictive value, NPV:

negative predictive value.

In order to assess whether good outcome patients had greater overlap between
sink nodes and the resection compared to poor outcome patients, | compared the
percentage of overlap in each frequency between the two outcome groups using the
Wilcoxon rank sum test. | found that, in data without HFOs, the overlap of sinks with
resection was increased in good outcome patients, compared to patients with poor
outcome for beta (good: 85%, poor:65%, p=0.02), high gamma (good: 87%,
poor:61%, p=0.02), and ripple bands (good: 83%, poor:53%, p<.01). A visual
representation of this overlap difference is presented in Figure 36, where the overlap
of sink nodes with resection is depicted one time for a good outcome (Patient #16,
ILAE 1) and one time for a poor outcome patient (Patient #20, ILAE 5) from low

gamma to fast ripples.
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Figure 36: Overlap between sink nodes and the resection zone at the patient level across
different frequency bands (from low gamma to fast ripples). Sink nodes, defined as nodes
with dDTF outward strength below the optimal threshold, are visualised as red spheres, and
are depicted one time for a good outcome patient (Patient #16, ILAE 1, top) and one time for
a poor outcome patient (Patient #20, ILAE 5, bottom), using their 3D implantation models.
The resected electrodes are included in the resection zone, illustrated with a solid light blue

line.

All findings on FC-based prediction of surgical outcome are discussed in section
5.4.3.

5.3.5 FC results are not explained by local power

When repeating the entire analysis on whitened data (see 4.5), the main effects
observed in the original signals were preserved, indicating that my findings are not

explained solely by power dependences across electrodes.
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5.4 Discussion and Conclusion

In this explorative network study | showcase that at higher frequencies interictal
iIEEG FC is affected by the presence of HFO events, can identify epileptogenic and
non epileptogenic tissue, and can predict surgical outcome in DRE patients. This
notion derives from my main findings:

I. Decreased oAEC nodal strength and clustering coefficient during interictal
periods with HFOs compared to periods without HFOs for the high gamma
and ripple bands.

[I.  Higher oAEC nodal strength, CC, and PR, and lower dDTF outward strength,
total strength, CC, and PR inside compared to outside resection of good
outcome patients for multiple frequencies.

lll. ML classifiers trained on local network properties identified the EZ with AUCs
up to 0.87 (optimal performance in the beta and ripple bands).

IV. Overlap of “sink” nodes (outward strength < threshold) with resection was
predictive of good surgical outcome in data both with HFOs and without HFOs

for frequency bands above beta.

In the following sections, | discuss these findings in detail and interpret them in light

of the most recent literature.

5.4.1 The influence of HFOs on FC is method dependent

Despite several works having already assessed the effects of interictal spikes on
FC [37], [40], [41], there is a lack of studies on the behaviour of the corresponding
networks and their properties during the presence or absence of HFOs. Here, |
attempted to fill this gap by extensively investigating FC separately in segments
containing HFOs and segments that are HFO-free, across a wide range of frequency
bands (from delta to FRs). My results reveal that in the presence of HFOs,
oAEC-based FC (nodal strength and CC) decreases compared to HFO-free
segments, with the most profound differences in the high gamma and ripple bands
(see 5.3.1). These findings come to complement previous works which have
demonstrated a negative correlation between the rate of HFOs and the value of
different network measures at a node (strength, EC, and CC), at both the

conventional (theta, alpha, low gamma) [230] and higher frequencies (ripples, fast

114



Chapter 5 - Interictal FC Identifies Epileptogenic Tissue and Predicts Surgical Outcome

ripples) [204]. This decrease of FC at electrodes where HFOs are generated (or
propagated to), could contribute to a lower overall FC at the patient level, something
that is in line with my findings. Interestingly, the presence of interictal spikes has the
opposite effects, as previous studies have found that the suppression of segments
with spikes did not to change the results of FC [34], [40], [41], while other works
reported increased overal FC during the occurrence or spead of spikes in the brain
[37], [231], [232]. Although HFOs and spikes are both closely linked to
epileptogenicity, there is evidence supporting that these events may engage distinct
pathophysiological mechanisms that disrupt the resting brain [233], [234]. In this line,
a possible explanation for my observations could be that spikes and HFOs alter
network integration and functional connectivity in notably different ways. However, to
confirm such a hypothesis, a future study should investigate the effects of spikes and

HFOs on FC using the same patient cohort, FC technique, and frequency bands.

My results also revealed an increase in dDTF clustering coefficient in the ripple
band during the presence of HFOs, which despite initially being significant did not
survive correction for multiple comparisons (FDR method). The fact that dDTF
quantifies causal influences based on phase relationships, and since HFOs are
highly localised amplitude bursts with altered spectral content, could potentially
explain why the overall dDTF-based network structure is not greatly influenced by
their presence (stable total strength, PR and BC), while clustering might increase
(especially in the HFO band) since a specific cluster of local hubs drives the activity
of the network at times they occur. Following the same notion, envelope-based
techniques such as oAEC would pick up these amplitude deviations as decreased
global coupling, since few nodes would "take over" and result in decreased overall
FC.

5.4.2 Decreased outward strength is a robust characteristic of
the EZ

Assessing interictal iIEEG functional connectivity, coupled with graph theory
principles, has shown promise as a means of delineating the EZ in DRE patients [36],
[37], [40], [41], [198], [235], [236], [237]. The vast majority of prior studies investigated

connectivity at frequencies up to the high gamma band (~80 Hz). However, recent
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research directions suggest that networks at higher frequency ranges (> 80 Hz) can
help comprehend epileptic networks, serving as a reliable tool for assessing
epileptogenic zones and predicting surgical outcomes [238]. Here, | extended FC
analysis to a wider spectrum of frequencies, from delta to fast ripples, and
investigated the network characteristics of epileptogenic and non-epileptogenic
tissue. | followed the notion that in good outcome patients, resection included the
critical epileptic targets, while in poor outcome patients these crucial epileptic foci

could also be located in areas outside the resection margins.

Undirected FC results

At conventional frequencies, prior studies that used undirected FC consistently
reported increased nodal strength [37], [198], [236], local clustering [36], [40], and
centrality measures [36] in epileptogenic tissue. Similarly, in this work, | observed
higher oAEC nodal strength, CC, and PageRank inside the resection of good
outcome patients (and no differences for poor outcome) for the 0, B, low y, and high
y bands, when using data with HFOs. This profound increase in connectivity at
epileptogenic areas during periods of HFO presence further supports the value of
HFOs as an indispensable component of epileptogenicity, while it also links
microscale neuronal circuitry with mesoscale functional organisation of the brain in
DRE patients.

For undirected FC at higher frequencies (> 80 Hz), the literature is very sparse.
Isolated reports support higher FR band eigenvector centrality at brain areas with
spikes [239], higher ripple band nodal strength inside (vs. outside) the SOZ [237], and
higher HFO band nodal strength inside (vs. outside) the resection of both good and
poor outcome patiens [39]. My results show increased oAEC ripple band FC (nodal
strength, CC, and PR) inside compared to outside resection of good outcome
patients, and no differences in any FC measure for the fast ripples band. The fact
that only ripple band FC is increased implies that the observed differences are not
driven by amplitude-based dependencies due to the presence of HFOs, since then
FR connectivity would also be altered. Rather, my results suggest that ripple band
FC could also hold valuable information about the underlying functional motif of the

network and assist in the identification of epileptogenic tissue.

116



Chapter 5 - Interictal FC Identifies Epileptogenic Tissue and Predicts Surgical Outcome

Directed FC results

Directed functional connectivity has been demonstrated to provide more accurate
EZ localization compared to undirected connectivity [198], [240], [241]. In the
electrographic network, inward and outward connections of the EZ are related to the
concept of inhibition and excitation, which is indispensably associated with epilepsy
[242], [243]. Recent studies suggest increased inward connectivity in EZ areas [36],
[41], [198], [237], [244], while others report increased outward connectivity from the EZ
to the rest of the network [203], [235], [245]. This heterogeneity of results has been
attributed to the variable methods used for FC estimation [34]. However, another
explanation may lie in the influence of interictal spikes on the directionality of FC
[34], [43], as studies using the same connectivity method have produced conflicting
results, with some analysing data containing spikes and others not. In response to
the existing variety of observations and interpretations, here | explored two different
directed connectivity techniques, which | tested both on data with and without HFOs

to assess their impact on FC directionality.

| observed decreased dDTF outward strength inside (vs. outside) the resection of
only good outcome patients in data without HFOs (for beta, low y, high y, and
ripples). This result is consistent with the recently proposed concept of the “Interictal
Suppression Hypothesis (IHS)”, which posits that during the interictal period, the
SOZ is tonically suppressed by other areas of the brain to prevent seizure initiation
[237]. The electrographic network signature of this concept is increased inward
strength and decreased outward strength in the SOZ [237]. My results are only partly
in line with this notion, since dDTF inward strength did not present significant
differences between areas inside and outside resection in good outcome patients.
Interestingly, | also found decreased dDTF CC and PR inside the resection of only
good outcome patients, indicating that the nodes within epileptogenic tissue are less
cohesive and have diminished overall influence between the broader network. These
observations fit well within the concept of the ISH, which wants epileptogenic tissue
to be in a suppressed, isolated, and low-influence state during interictal periods.
However, we need to keep in mind alternative interpretations that could still explain
the results. For example, reduced outward connectivity of epileptogenic tissue could
reflect a functional segregation that may permit seizure generation, in contrast to a

more integrated configuration with surrounding brain regions which could exert
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suppressive control [237]. Also, decreased CC and PR might also arise from
structural damage or network reorganisation due to the long-standing disease
burden, although the selective occurrence in good outcome patients supports the

ISH interpretation.

This connectivity pattern vanished when the same network measures were
computed on segments with HFOs. This observation is in line with previous reports
on the effects that other interictal epileptiform events, such as spikes, might have on
the directionality of connectivity in the epileptic brain [43]. In addition, observing such
patterns of decreased EZ connectivity primarily during HFO-free data further
supports the idea that interictal suppression mechanisms are present mostly at times

of no epileptiform activity interictally.

This functional isolation of the EZ, that my results support, has been demonstrated
in the literature [203], [230], and especially for higher frequencies it is believed to act
as a compensatory mechanism to thwart seizure initiation and halt ictal propagation
[238].

5.4.3 FC can identify epileptogenic tissue and predict surgical

outcome

To test the biomarker value that FC differences observed between epileptogenic
and non-epileptogenic tissue hold, several studies assessed the performance of ML
models trained on network properties in identifying EZ areas [36], [41], [198], [204],
[237]. Similarly, my Logistic Regression (LR) model showed that FC can identify the
presumed EZ (resected nodes in good outcome patients) in all frequencies, using
both oAEC and dDTF-based measures. The performance of oAEC-based models
was greatly dependent on the presence or absence of HFOs (with-HFOs AUC:
0.64-0.87, without-HFOs AUC: 0.57-0.72), while dDTF-based models were less
affected (with HFOs AUC: 0.62-0.75, no HFOs AUC: 0.59-0.76). Interestingly, FC at
higher frequencies (low vy, high vy, ripples, and fast ripples) was found to provide
better classification results compared to lower frequencies (6, 6, and a) for both FC
techniques (see Figure 32 in 5.3.3). Most previous similar studies have also used LR

[36], [198], whereas others have employed SVM classification schemes for the
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identification of the EZ [237]. In my data driven approach, | found SVM models to
have equally good performance to LR, however, | chose to move forward with the
later as | belive LR models are more likely to be trusted and adopted by clinicians,

given their simplicity and widespread use in medical literature.

Moreover, only a limited number of studies have evaluated the applicability of
interictal iEEG FC for predicting the surgical outcome of DRE patients [31], [37], [41],
[201], [202]. Here, | showed that resection of dDTF-derived sink nodes can predict
good surgical outcome (p<0.05, Fisher’s exact test). This finding held true for data
both with and without HFOs, with higher frequencies (> beta) presenting the most
consistent results. Contrarily, resection of oAEC-derived hub nodes was not
predictive of outcome in any of the HFO states or frequencies. Being able to predict
the surgical outcome of a patient using FC computed on brief interictal segments of
data, regardless of the presence of epileptiform events such as HFOs, enhances the
potential value of FC applications during the presurgical evaluation of DRE patients.
The predictive relevance of pre-operative brain networks for surgical outcomes has
also been demonstrated in structural studies using tractography MRI, which suggest
that heightened limbic and extralimbic connectivity may underlie less favorable

postoperative seizure outcomes [246], [247].

5.4.4 Limitations and future considerations

My work has several limitations, which | classify into two categories:
I. Data- and theory-related limitations, stemming from the characteristics of the
dataset or conceptual constraints.
[I.  Methodological limitations, resulting from specific analytical choices in my

study.

Data- and theory-rel. limitation

The relatively small cohort size (18 patients: 12 good outcome, 6 poor outcome)
limits the generalizability of the results, especially those related to poor outcome
patients. Future works should investigate larger, multicentre datasets to increase the
reliability of the proposed analysis. In addition, a concern inherent to all iEEG data

analyses is the partial sampling of the brain, since electrode placement is based on
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clinical necessity [236]. Therefore, critical network components might not be
adequately covered, especially in patients with poor outcomes. The problem of
incomplete sampling or over-sampling of some structures can introduce bias during
the computation of centrality measures, with simpler metrics, such as nodal strength,
being more robust [34] Future works could overcome such limitations by analysing
noninvasive high-density recordings (HD-EEG, HD-MEG) using source modelling
and virtual sensors, with several recent studies already reporting promising results
[31], [35], [248], [249], [250]. Moreover, it is established that electrodes that are
physically closer are more likely to be highly connected [34], with previous studies
addressing this issue by normalising FC values, usually through the Euclidean
distance between electrodes [37], [183], [251]. In the absence of anatomical
information (MRlIs, CTs), my work did not account for inter-electrode distance effects
on FC, something that could potentially have affected the results. Similarly, SEEG
contacts within the white matter could not be identified and removed from further
analysis, something that was deemed important in previous works [36], [37], [198],
[199], mainly due to the uncertainty of the origin of the signals in these areas .
Finally, since the dataset did not include information about the drug load of each
patient at the time of monitoring, | could not account for the effects that antizeizure

medication might have on FC [199].

Methodological limitations
The choice of reference is an important point of discussion in FC studies. Here |

worked with a bipolar montage, as this configuration is generally preferred when
studying HFOs [118], and also because all relevant information about the iEEG
channels, such as the resection status, was provided in bipolar format inside the
dataset’'s documentation. Moreover, in a previous study on interictal iEEG FC at
higher frequencies, the authors assessed the influence of reference choice (bipolar
vs. common average reference) on MVAR model fitting, revealing that rereferencing
to common average made FC fade at conventional frequency bands and disappear
in the FR band [203]. Nevertheless, future investigations should address the impact
that other referencing techniques might have on FC estimates. Another confounder
in this work, could be the fact that the detection of HFOs (ripples and fast ripples)
was performed only by a single reviewer, in comparison to most other studies where

at least two separate experts mark the events and an inter-observer agreement is
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calculated using Cohen’s kappa coefficient to accomplish a consensus, increasing
accuracy and reducing bias. Moreover, a methodological consideration that needs
careful interpretation is the choice of model order in dDTF computations. Various
criteria can be applied to determine the optimal order, with Akaike’s Information
Criterion (AIC) being among the most widely used [200], [252]. In practise, factors
such as the sampling rate and the length of the data segments influence the
estimation of the optimal model order [253], [254], [255]. Traditional model order
selection paradigms build on the model fit to the data, and high-frequency activity
has very small impact on the residuals [203]. In our case, where both parameters are
stable across patients, | chose to use a model order of 10 based on previous
litterature and emprical findings [198], [203], [222]. A previous work has shown that,
despite different model orders yielded similar results at conventional frequencies, at
fast ripples outward strength was significantly influenced by the model order, with
lower orders resulting in decreased outward strength in the resected area, and
higher orders leading to increased outward strength [203]. This may suggest that for
short prediction windows, the model struggles to capture the stochastic propagation
of epileptic activity but can effectively model the background signal in non-epileptic
channels, leading to stronger connectivity among those channels [203]. Future works
should use data-driven approaches to determine the optimal model order at the
patient level to increase the robustness of FC estimations. Finally, an inherent
requirement that came with the exploratory nature of my work, in terms of the
number of frequencies and network measures studied, was the need for correction
for multiple statistical comparisons. By correcting for such a large number of
statistical tests | may have increased the risk of false negatives (missing real effects)
in the statistical tests. Exploratory works, such as this one, should be interpreted with
this in mind and ideally followed by confirmatory analysis, where the present

statistical results can be followed up with fewer, more targeted tests.
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5.5 Conclusion

In summary, the present exploratory work demonstrates that, by extending to
higher frequencies, interictal iEEG FC can trace the epileptogenic process in the
brain of DRE patients. | show that HFO events can significantly affect FC analysis
depending on the chosen technique, while | also highlight the robustness of directed
connectivity methods, such as the dDTF, in identifying epileotogenic tissue and
predicting surgical outcome. By showcasing that epileptogenic tissue acts as a “sink”
area in the network, my results support the recently proposed Interictal Suppression
Hypothesis and the notion that the epileptogenic foci are functionally isolated from
the rest of the network interictally. Overall, | believe these findings may serve as a
stepping stone for more targeted research on high-frequency FC in epilepsy, helping

to bridge the gap between promising FC tools and their potential clinical application.
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Chapter 6

Temporal Stability of Interictal IEEG
Functional Connectivity Across

Multiple Levels of Analysis

6.1 Introduction

In Chapter 5, | provided evidence that interictal FC and network analysis at higher
frequencies can identify epileptogenic tissue and predict surgical outcome in DRE
patients. These results further support recent literature proposing the development
and use of FC-based biomarkers of the EZ. However, several confounders
influencing FC can limit the transition of network-based applications in clinical
settings. The effect of time on FC measurements falls under this category and needs
to be carefully studied, since the temporal stability of network patterns would
strengthen the confidence in their use for EZ delineation in practice [34]. However,
this topic remains underrepresented in the literature. Previous works have shown
stability of FC results when using different recordings from the same day [41], [191],
[192], or across different days [41], [184], [191], [192], [199], [256]. It has also been
demonstrated that FC remains stable over iEEG data of different lengths (from 10
seconds to 1 hour long) recorded on the same day [251]. In this chapter, | aim to
contribute to this growing body of research by assessing the temporal stability of FC
measures across different days of iEEG monitoring, using cohort-, patient-, and

electrode-level analysis.

In addition, very few studies have investigated temporal robustness of FC

separately in EZ and non-EZ tissue [199], [257], and these did not discriminate
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between good and poor outcome patients. Such a distinction could provide a clearer
picture of the stability of epileptogenic and non-epileptogenic tissue separately.
Through the patient- and electrode-level analyses, | aim to examine potential
differences in the stability of the presumed EZ (resection area) and non-EZ regions
(non-resected area) in patients with good and poor outcomes, and assess whether

these differences could provide added value for delineating epileptogenic tissue.

6.2 Methodology and statistical analysis

This section discusses the patient cohort and the different types of
methodological and statistical analyses followed to comprehensively study the

temporal stability of FC across several days.

The FC and network measures studied in the rest of this chapter are described in
detail in sections 4.3 and 4.4. The only difference compared to the methodological
pipeline described in these sections is that here | compute FC and network
measures separately at each recording day (night) rather than aggregating across
nights. Due to the more informative nature of dDTF, compared to oAEC and NPD, in
characterizing the FC of epileptogenic tissue (see 5.3.2), and based on its superiority
in predicting surgical outcome (see 5.3.4), | decided to investigate the stability of only
dDTF outward strength and CC at data segments without HFOs. | also restricted the
analysis at the higher frequencies (low gamma, high gamma, ripples and fast ripples
bands), since FC at these bands provided the best results both in identifying
epileptogenic tissue (see 5.3.3) and predicting surgical outcome (see 5.3.4) in
Chapter 5.

6.2.1 Patient sub-cohort

From the cohort of 18 DRE patients (see 4.1 and 4.2) | identified individuals that
had at least four separate nights of iEEG monitoring in the epilepsy unit. | selected
this specific number of nights to strengthen my temporal stability analysis, as most
previous studies have only examined two [184], [256] or three [41], [191], [199] different
days. More specifically the sub-cohort of patients studied in this chapter consists of:
patient #1 (TLE, good outcome), patient #3 (TLE, good outcome), patient #4 (TLE,
good outcome), patient #5 (TLE, good outcome), patient #6 (TLE, good outcome),
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and patient #20 (ETE, poor outcome). Patient demographics for this sub-cohort are

summarised in Table 8.

Table 8: Demographics of patients with at least 4 nights of iEEG recordings in the epilepsy
unit.

Patient # Gender Histology/ Epilepsy Electrode Surgery # of bipolar elec. ILAE

/| Age Pathology type type type (# of resected) score
1 M /25 :ﬁoas?sd TLE DZT:; & S’EZSE; 43 (9) 1
3 F /20 HS TLE Depth sAHE 35 (12) 1
4 F/20 HS TLE Depth sAHE 56 (12) 1
5 M /40 HS TLE Depth sAHE 56 (12) 1
6 M /48 HS TLE Depth sAHE 56 (12) 1
20 M/17 FCD 3 ETE Grid Les 14 (5) 5

M=male: F=female; HS=hippocampal sclerosis; FCD=focal cortical dysplasia; TLE=mesial
temporal lobe epilepsy; ETE=extratemporal Ilobe epilepsy; Les=lesionectomy;

sAHE=selective amygdalahippocampectomy; ILAE=International League Against Epilepsy

6.2.2 Cohort-level temporal stability analysis

To investigate the stability of FC patterns across the four nights at the cohort
level, | first separated good outcome from poor outcome patients. Since there is only
one patient with poor surgical outcome in the sub-cohort (patient #20), | continued
the analysis in this section (6.2.2) concerning only the good outcome group (patients
#1, #3, #4, #5, #6).

| normalised each patient’s dDTF-based network measures (outward strength and
CC) within each night to the 0—1 range using that night’'s minimum and maximum
values, similar to the methodology in 5.2 and in accordance to previous works [31],
[37]. This procedure was performed separately for each frequency band (low y, high
Yy, ripples, and fast ripples). Next, for each patient, | calculated the median value of
each measure one time for electrodes inside resection and one time for electrodes
outside. Finally, | plotted the graph measures inside vs. outside the resection to

visually assess their variation across different nights.
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6.2.3 Patient-level temporal stability analysis
To analyze FC robustness across nights at the patient level | included all 6
patients of the sub-cohort (5 good outcome + 1 poor outcome). Here, | normalised
each graph measure at the 0-1 range using its maximum and minimum value across
all 4 nights. For each patient | computed the median graph measure value in each
night separately for electrodes inside and outside the resection. | assessed the
temporal stability of each measure using a linear mixed-effects (LME) model. For a
specific area (inside or outside resection) and frequency band, | computed the
median FC value per patient and night, leading to a 6 (patients) x 4 (nights) model.
The model was specified with nights as the fixed effect, representing the effect of
recording night on the specific measure. In addition | introduced a random effect
accounting for inter-individual baseline differences in the measure’s overall value,
ensuring that variability between patients does not inflate the estimated effect of
night. The model could be mathematicaly expressed as:
LME =B, + B

u +e
Nightj+ i+ ij

where, B, is the grand intercept, Byign; are fixed effects of night j, u; is the random

intercept fot patient i, and e; is the residual error. The effect of night was assessed

using an analysis of variance (ANOVA) on the LME model [anova.m].

6.2.4 Electrode-level temporal stability analysis

In order to investigate the temporal stability at the electrode level | studied each
patient seperately, in a case-study like analysis. The normalization procedure
followed was the same as in 6.2.3. | again distinguished resected from non-resected
electrodes to study the corresponding areas individually. For each patient separately,
| generated an LME model (N electrodes x 4 nights). The number of electrodes (N)
both inside and outside the resection varied from patient to patient. Similarly to 6.2.3,
here, nights were specified as the fixed effect, and a random effect was introduced to
capture electrode-level variability. The effect of nights in the stability of FC measures

across the different electrodes was assessed using ANOVA.
Through the above investigations, | aimed to address RQ5: “Are functional

connectivity patterns stable across four different days of recording?”. Furthermore,

based on the patient- and electrode level analyses, | sought to answer RQ6: “Does
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the stability of FC across separate days differ between epileptogenic and

non-epileptogenic tissue?”.

6.3 Results

In this section | present the results of the FC stability analysis for the three levels

of interest: cohort, patient, and electrode. Each level is presented separately.

6.3.1 Functional connectivity is stable across nights at the
cohort level

When assessing the stability of FC at the cohort level (see 6.2.2), | found that
outward strength and CC were relatively stable both inside and outside resection for
all frequency bands (Figure 37, Figure 38). Across the four different nights, both
measures were consistently decreased inside compared to outside resection for the
low gamma, high gamma, and ripple bands (Figure 37A-C, Figure 38A-C). For fast
ripples, | observed no obvious differences in outward strength (Figure 37D), and
interestingly, | found CC to be increased inside resection compared to outside
(Figure 38D).
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Figure 37: Direct directed transfer function (dDTF) nodal outward strength illustrated inside

(pink) and outside (blue) the surgical resection across four different nights of recording for:

A) low gamma, B) high gamma, C) ripples, and D) fast ripples. In the box-plot diagrams, the
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horizontal line indicates the median value, the lower and upper edges represent the 25th and

75th percentiles, and the whiskers extend to the minimum and maximum values.
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Figure 38: Direct directed transfer function (dDTF) clustering coefficient illustrated inside
(pink) and outside (blue) the surgical resection across four different nights of recording for:
A) low gamma, B) high gamma, C) ripples, and D) fast ripples. In the box-plot diagrams, the
horizontal line indicates the median value, the lower and upper edges represent the 25th and

75th percentiles, and the whiskers extend to the minimum and maximum values.

6.3.2 Functional connectivity is stable across nights at the
patient level

When the stability of FC was assessed at the patient level (see 6.2.3), | found that
outward strength appeared stable both inside and outside resection (Figure 39), and
did not statistically differ from night to night (LME model, ANOVA p = 0.97-0.99).
Similarly, CC also proved relatively stable across nights both inside and outside
resection (LME model, ANOVA p = 0.20-0.99).
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Outward Strength
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Figure 39: Variation of the mean dDTF nodal outward strength in each patient across four

different nights of recording, separately for nodes (electrodes) inside and outside resection.
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Clustering Coefficient
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Figure 40: Variation of the mean dDTF clustering coefficient in each patient across four

different nights of recording, separately for nodes (electrodes) inside and outside resection.
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6.3.3 Functional connectivity is stable across nights at the
electrode level

To investigate the stability of FC at the level of individual electrodes | studied each
patient separately (see 6.2.4). | found that for all patients and frequency bands, the
effect of the different recording nights on outward strength was not significant (LME
model, ANOVA p>0.05) both inside and outside the surgical resection: Patient #1
[inside: p=0.11-0.62, outside: p=0.78-0.95], Patient #3 [inside: p=0.17-0.99, outside:
p=0.68-0.98], Patient #4 [inside: p=0.47-0.98, outside: p=0.96-0.99], Patient #5
[inside: p=0.79-0.98, outside: p=0.96-0.98], Patient #6 [inside: p=0.68-0.99, outside:
p=0.50-0.98], and Patient #20 [inside: p=0.97-0.99, outside: p=0.98-0.99]. Figure 41
illustrates the temporal robustness of outward strength across the four different
nights, both inside and outside the resection of each patient for the low gamma
band. Additional figures for the rest of the frequencies (high gamma, ripples, and fast

ripples) are provided in Appendix 1.
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Figure 41: Variation of dDTF nodal outward strength in each electrode of every patient

across four different nights of iEEG recording for the low gamma band.
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Similar results were obtained for the stability of CC across nights. Again, the
effect of the recording night was not significant both inside and outside resection, for
all frequency bands: Patient 1 [inside: p=0.76-0.90, outside: p=0.48-0.92], Patient 3
[inside: p=0.37-0.99, outside: p=0.46-0.99], Patient 4 [inside: p=0.50-0.99, outside:
p=0.94-0.99], Patient 5 [inside: p=0.76-0.96, outside: p=0.74-0.96], Patient 6 [inside:
p=0.18-0.93, outside: p=0.51-0.88], and Patient 20 [inside: p=0.78-0.87, outside:
p=0.94-0.97]. Figure 42 demostrates the variation of CC accross different recording
nights for electrodes inside and outside resection for the high gamma band. Similar
figures for the rest of the frequencies (low gamma, ripples, and fast ripples) can be

found in Appendix 1.

Nodal Clustering Coefficient - High gamma
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Figure 42: Variation of dDTF clustering coefficient in each electrode of every patient across

four different nights of iEEG recording for the high gamma band.

Overall, FC showcases stability across different days of recording at the electrode
level. Even though stability of outward strength and CC are statistically similar, visual
inspection of the heatmaps reveals slightly more stable patterns of outward strength
compared to CC. Moreover, no differences in the stability patterns are observed
between patients with good (Patients #1, #3, #4, #5, #6) and poor surgical outcome
(Patient #20).
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6.4 Discussion and Conclusion

My findings demonstrate consistent stability of FC measures across different

recording days and across multiple levels of analysis.

Over the course of four nights, dDTF outward strength and CC proved to be
consistently decreased inside compared to outside resection of good outcome
patients for the majority of higher frequencies (low y, high y, and ripples). These
results built upon previous works on iIEEG FC, which have demonstrated that
directed FC measures at conventional frequencies consistently exhibit significant
differences in epileptogenic compared to non-epileptogenic tissue across three
different days [41], [199]. HOller et al. [258] pointed out that directed measures are
more robust across longer time spans, and suggested this is because they take
previous signals into account, whereas nondirected metrics do not. In addition,
recent studies have proposed that during the interictal period the EZ is tonically
inhibited from the rest of the network through increased inward strength and
decreased outward strength [198], [237], and that robustness of directerd measures

across days may reflect the importance of signal directionality [199].

In Chapter 5, | showed that, based on FC estimates averaged across different
recording days, epileptogenic tissue exhibits decreased FC relative to surrounding
regions and functions as a “sink” area within the network. Here, | demonstrate that
this pattern is also present when analyzing networks separately, across four distinct
days. This consistency, strengthens the robustness of my Chapter 5 findings and
supports the notion that these effects are not a results of averaging, but rather reflect

persistent interictal mechanisms driving the network into this specific state.

Moreover, in standard clinical practice antiseizure medications are gradually
withdrawn to facilitate seizure occurance during iEEG implantation, rising questions
on whether FC results change with respect to ASM withdrawal strategy. In our
dataset, lack of information on ASM drug load at the time of recordings has already
been identified as a limitation of the present work (see 5.4.4). The findings on the
temporal stability of FC across four different nights, irrespective of ASM dosage,

further strengthen the robustness of my Chapter 5 results.
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| showed that dDTF outward strength and CC presented stable values across four
separate nights in both resected and non-resected tissue, consistently at the patient-
and electrode- levels, which held true for all frequency bands. Paulo et al. [199] has
also studied temporal stability at the patient level across three days, and showed
robustness of directed FC both inside and outside the EZ for the alpha band. To the
best of our knowledge, the stability of FC measures at the electrode level has not
been addressed before, with only some early works reporting that electrodes of local
hypersynchrony (increased connectivity) remained relatively stable across different
recording days [184], [192]. | opted to identify potential differences between the
stability of epileptogenic and non-epileptogenic tissue in patients with different
outcomes in an attempt to assess the added value that stability analysis could bring
to EZ localisation. This notion was further encouraged by the results of a study from
Geier and Lehnertz [257], which found higher percentage of variation at the clinically
defined SOZ compared to the non-SOZ regions using broadband data.
Nevertheless, my findings showed that FC was stable across nights at both resected
and non resected areas, and for both good and poor outcome patients. Although non
significant, a trend for more variation (in terms of lower p-values) was noted for areas
inside the surgical resection in patients with good surgical outcome, especially for
outward strength (see 6.3.3). With this case study-like approach | show that, during
the interictal period, both epileptogenic and non-epileptigenic tissue has a specific
and consistent role in the functional network, which could stem from biological
changes aiming to maintain the epileptic brain in specific states (i.e to suppress the

epileptogenic tissue through tonic inhibition to prevent seizure generation).

In terms of the limitations of the FC stability investigations, the most profound one
is the very small cohort size (N=6), especially for the poor outcome group comprising
of a single patient, which greatly limits the generalizabilty of my results. My work
aimed to serve as a starting point for future investigations with larger datasets,
necessary for validating temporal stability of FC during the interictal period. In
addition, here, | did not investigate the effect that circadian rythms might have on FC,
as according to previous works daily rhythms can have strong contribution to the

temporal variability of FC in the timescale of hours to days [257].
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6.5 Conclusion

In conclusion, | provide evidence that FC at higher frequencies (from low y to fast
ripples) remains stable across different days of recording, at both epileptogenic and
non-epileptogenic tissue. | hope these findings will contribute to reducing ambiguity
surrounding FC tools and promote their translation from research settings to clinical

practice.
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Chapter 7

Summary and Discussion

The overarching aim of this thesis has been to explore the potential of interictal
iIEEG functional connectivity in identifying epileptogenic tissue and predicting surgical
outcome in patients with DRE. A substantial portion of this work is dedicated to
exploring how HFO events affect functional connectivity in different frequency bands,
and to examining whether high-frequency FC patterns could hold value for the
presurgical workup. This concluding chapter offers a summary of the key findings,

discusses their practical implications, and identifies future research directions.

7.1 High-frequency FC tools are not meant to
replace HFOs

I would first like to make a quick note on the intention of some of my
investigations. Despite a large portion of my work focused on FC at higher
frequencies, | do not propose at any point for these high-frequency FC tools to act as
substitutes for HFO events and their classical interpretation as biomarkers of
epileptogenicity. Rather, | aim to expand our knowledge around FC-based
biomarkers by extending the analysis to higher frequencies, with the hope that they
will provide additional insights into the organisation of epileptogenicity and improve

surgical treatment outcomes.
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7.2 Practical implications

My results reveal that when FC is quantified and analyzed using network theory,
especially at higher frequencies, it represents a conceptually powerful tool for
identifying  epileptogenic tissue and distinguishing it from surrounding
non-epileptogenic areas. By complementing and reinforcing existing literature that
has also demonstrated similar results, my work helps lay another brick in the
foundation of FC-based biomarkers in epilepsy research. The key barrier is not

scientific potential but clinical translation.

A central consideration has to do with the word “biomarker” itself. Many studies
directly refer to “biomarkers of the EZ” or indirectly imply that the EZ is a directly
measurable quantity. While locating the epileptogenic zone holds clear academic
appeal, asserting the existence of a definitive biomarker for it remains problematic.
First, even the term “epileptogenic zone” is poorly defined and continues to change
[16]. Second, the epileptogenic zone is a theoretical concept that cannot be directly
measured or validated. In this sense, regulatory approval of a clinical biomarker,
which requires validation to demonstrate sensitivity and specificity, is particularly
challenging in the case of the EZ [259]. Thus, a gap exists between the language
commonly used in academia and the requirements of governmental agencies

responsible for translating academic projects into clinical practice.

BEST Resource and Guidelines

A first step towards bridging this gap could be for future studies to follow the
guidelines of the BEST (Biomarkers, EndpointS, and other Tools) Resource [260], a
collaborative initiative between the National Institute of Health (NIH) and the FDA,
with the overarching goal of getting biomarkers out of the research lab and into
clinical practice, with one of the essential steps being proper validation. An important
advantage of the BEST guidelines is standardizing the presentation of information,
so that each study contains enough information to help facilitate future comparison

across studies. According to the Resource, biomarkers should have two key points:
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I. Biomarker Description: Clearly defined name, source (urine, blood, EEG,
etc.), type (e.g., molecular, histologic, electrophysiologic, etc.), measurement
method, and biologic plausibility (association of the biomarker with the
disease or condition of interest).

II. Intended Use: The specific clinical circumstance or purpose that the
biomarker is sought to inform, which clarifies the clinical actions that might be
taken based on the biomarker information. The intended use should also
clearly indicate its category, which at present consists of 8 types: Diagnostic,
Monitoring, Response, Predictive, Prognostic, Safety, Susceptibility/Risk, and

Surrogate End Points.

Since in the present work | propose a FC-based biomarker, | first need to
accurately describe it. Based on my results, | can use the “sinkness” of a brain area,
defined as “sink-like behavior based on high-frequency dDTF outward strength”, as
the biomarker under study. The outward strength threshold that determines whether
a node is a “sink” is dependent on the frequency for which dDTF is computed each
time, so | will not define a single value here. The source of the “sinkness” biomarker
could be defined as: “Interictal intracranial EEG”. As the measurement method, | can
use the specific techniques followed to extract the biomarker from the source, which
in my case translates to: “Outward strength (BCT toolbox) computed on direct
Directed Transfer Function (FieldTrip toolbox)”. The biological plausibility here reads:
“In patients with good surgery outcome, sink nodes are associated with the resected
volume”. Equally important to describing the characteristics of “sinkness” is defining
its intended use. As mentioned above, proposing “sinkness” as a biomarker of the
EZ is extremely problematic, since it would be practically impossible to prove it to the
FDA. Taking this into account, | propose that a clinically useful and validatable
context of use for “sinkness” would be to prognosticate outcome by measuring how
much of the biomarker is resected during surgery, with seizure relief as a

measurable outcome.
Table 9 presents the “Sinkness” Description Table, which summarizes the proposed

biomarker. | propose that similar tables should be included in any future study on

FC-based biomarkers (or any other biomarker of epilepsy).

138



Chapter 7 - Summary and Discussion

Table 9: “Sinkness” Description Table

Biomarker Name “Sinkness”
Source Interictal intracranial EEG
Type Electrographic

Bioloaical plausibilit In patients with good surgery outcome, sink nodes are
9 P y associated with the resected volume
Outward strength (BCT toolbox) computed on direct Directed

Measurement method Transfer Function (FieldTrip toolbox)

Intended use Prognosticate surgery outcome

EEG=electroenchephalography; BCT= Brain Connectivity Toolbox

Since there is an increasing number of studies that propose FC-based
biomarkers for investigating epileptogenicity in the brain, it is important for the
epilepsy research community to be aware of the BEST guidelines and incorporate
them into future research. This will hopefully get these new promising biomarkers a

step closer to their intended purpose: use in real clinical practice.

7.3 Future research directions

Beyond considerations that come with the placement of FC-based tools in the
context of a biomarker, future works should focus on practical research efforts to
alleviate the ambiguity around the value of FC tools as valuable markers of

epileptogenicity in the brain.

Research on FC-based biomarkers is currently limited by the heterogeneity of
analytical methods and the lack of standardised protocols. To move beyond
encouraging but largely retrospective and single-centre findings, large-scale
multicentre prospective validation will be required to ensure robustness,
reproducibility, and generalizability across patient cohorts and clinical environments.
Such validation efforts should ultimately culminate in prospective clinical trials to test
whether adding FC measures to the presurgical evaluation influences surgical

decisions and improves patient outcomes.
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As further steps, dedicated software platforms need to be developed that will
integrate smoothly with existing presurgical workflows and deliver results in a format
that is transparent and easily interpretable for clinicians. Beyond the technical
implementation, comprehensive training initiatives, workshops, and consensus
guidelines will be necessary to equip epileptologists, neurosurgeons, and
neurophysiology teams with the knowledge and confidence to interpret FC-derived
measures and incorporate them into complex surgical decision-making. Only through
this combination of standardised methods, clinical validation, and user-friendly tools
can FC-based biomarkers progress from research applications to everyday

presurgical evaluation tools.
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Appendix 1

Supplementary Figures

Patient #1

Supplementary Figure S1: 2D and 3D implantation schemes for TLE patients
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Patient #10

Patient #15

Patient #19

Supplementary Figure S2: 2D and 3D implantation schemes for ETE patients undergoing
ECoG only
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Patient #11

Patient #13

Supplementary Figure S3: 2D and 3D implantation schemes for ETE patients undergoing
combined SEEG and ECOG (Patients #11, #12, #13, #14)
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Patient #16

Patient #18

Supplementary Figure S4: 2D and 3D implantation schemes for ETE patients undergoing
combined SEEG and ECOG (Patients #16, #17, #18)
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oAEC Clustering Coefficient - data with HFOs
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Supplementary Figure S5: Orthogonalized amplitude envelope correlation (0AEC) clustering
coefficient, for segments with HFOs, compared inside (pink) vs. outside (blue) resection
separately for good (N=12) and poor (N=6) outcome patients.
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oAEC PageRank - data with HFOs
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Supplementary Figure S6: Orthogonalized amplitude envelope correlation (o0AEC)
PageRank, for segments with HFOs, compared inside (pink) vs. outside (blue) resection

separately for good (N=12) and poor (N=6) outcome patients.
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oAEC Betweenness Centrality - data with HFOs
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Supplementary Figure S7: Orthogonalized amplitude envelope correlation (0AEC)
betweenness centrality, for segments with HFOs, compared inside (pink) vs. outside (blue)

resection separately for good (N=12) and poor (N=6) outcome patients.
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oAEC Strength - data without HFOs
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Supplementary Figure S8: Orthogonalized amplitude envelope correlation (0AEC) nodal

strength, for segments without HFOs, compared inside (pink) vs. outside (blue) resection
separately for good (N=12) and poor (N=6) outcome patients.
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oAEC Clustering Coefficient - data without HFOs
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Supplementary Figure S9: Orthogonalized amplitude envelope correlation (0AEC) clustering
coefficient, for segments without HFOs, compared inside (pink) vs. outside (blue) resection

separately for good (N=12) and poor (N=6) outcome patients.
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oAEC PageRank - data without HFOs

Delta Theta Alpha Beta
1 . T 1
| o
0.8/« 3 ! i
I o v 7 I
1 ] g I * °
0.6 @ g i E \'1 I
) E T :‘gl
04T /% 4 E 1  J
d
0.2 : y ¢ Yoy

0
GOOD POOR GOOD POOR GOOD POOR GOOD POOR

Low Gamma High Gamma Ripples Fast Ripples
1 L 4
'\' o
081 1
. N §
0.6 ey 7 T T
Ol Y
0.4/ 1, @ &
3 é :
0.2 ! -4
4
I $

0
GOOD POOR GOOD POOR GOOD POOR GOOD POOR
[ |Inside Resection [ _|Outside Resection

Supplementary Figure S10: Orthogonalized amplitude envelope correlation (0AEC)
PageRank, for segments without HFOs, compared inside (pink) vs. outside (blue) resection
separately for good (N=12) and poor (N=6) outcome patients.
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oAEC Betweenness Centrality - data without HFOs
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Supplementary Figure S11: Orthogonalized amplitude envelope correlation (0AEC)

betweenness centrality, for segments without HFOs, compared inside (pink) vs. outside

(blue) resection separately for good (N=12) and poor (N=6) outcome patients.
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NPD Outward Strength - data with HFOs

Delta Theta Alpha Beta
1
0.8 . . . i .
T
* I
0.6 ° t
o ®
0.4 < E M
Bh YR Ge ) de ¥y e
- - - L’
0.2f % *“"! 7
L L

0
GOOD POOR GOOD POOR GOOD POOR GOOD POOR

Low Gamma  High Gamma Ripples Fast Ripples
1 T
o ! T
o I I
1 I 1
(e [
1 : .

:‘. o
(1 |
N = \
| & |
Fhiy 3 i A )
- 1
4 L

0 ;
GOOD POOR GOOD POOR GOOD POOR GOOD POOR
[ |Inside Resection [ _|Outside Resection

Supplementary Figure S12: Nonparametric directionality (NPD) outward strength, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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NPD Inward Strength - data with HFOs
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Supplementary Figure S13: Nonparametric directionality (NPD) inward strength, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good

(N=12) and poor (N=6) outcome patients.
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NPD Clustering Coefficient - data with HFOs
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Supplementary Figure S14: Nonparametric directionality (NPD) clustering coefficient, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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NPD PageRank - data with HFOs
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Supplementary Figure S15: Nonparametric directionality (NPD) PageRank, for segments
with HFOs, compared inside (pink) vs. outside (blue) resection separately for good (N=12)
and poor (N=6) outcome patients.
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NPD Betweenness Centrality - data with HFOs
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Supplementary Figure S16: Nonparametric directionality (NPD) betweenness centrality, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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NPD Total Strength - data without HFOs
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Supplementary Figure S17: Nonparametric directionality (NPD) total strength, for segments
without HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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NPD Outward Strength - data without HFOs
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Supplementary Figure S18: Nonparametric directionality (NPD) outward strength, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for
good (N=12) and poor (N=6) outcome patients.
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NPD Inward Strength - data without HFOs
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Supplementary Figure S19: Nonparametric directionality (NPD) inward strength, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for

good (N=12) and poor (N=6) outcome patients.
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NPD Clustering Coefficient - data without HFOs
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Supplementary Figure S20: Nonparametric directionality (NPD) clustering coefficient, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for
good (N=12) and poor (N=6) outcome patients.
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NPD PageRank - data without HFOs

Delta Theta Alpha Beta
1 .
$° 1 ll ﬂ 'y, I
- /3 § 1

0
GOOD POOR GOOD POOR GOOD POOR GOOD POOR

Low Gamma  High Gamma Ripples Fast Ripples
1
° L]
08!, . |
., i .

o
I

0
GOOD POOR GOOD POOR GOOD POOR GOOD POOR
[ |Inside Resection [ _|Outside Resection

||

Supplementary Figure S21: Nonparametric directionality (NPD) PageRank, for segments
without HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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NPD Betweenness Centrality - data without HFOs
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Supplementary Figure S22: Nonparametric directionality (NPD) betweenness centrality, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for
good (N=12) and poor (N=6) outcome patients.
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dDTF Outward Strength - data with HFOs
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Supplementary Figure S23: Direct directed transfer function (dDTF) outward strength, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good

(N=12) and poor (N=6) outcome patients.
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dDTF Inward Strength - data with HFOs
Delta Theta Alpha Beta

i

$
GOOD POOR GOOD POOR GOOD POOR GOOD POOR

Low Gamma  High Gamma Ripples Fast Ripples

i
GOOD POOR GOOD POOR GOOD POOR GOOD POOR

[ |Inside Resection [ _|Outside Resection

Supplementary Figure S24: Direct directed transfer function (dDTF) inward strength, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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dDTF Clustering Coefficient - data with HFOs
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Supplementary Figure S25: Direct directed transfer function (dDTF) clustering coefficient, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good
(N=12) and poor (N=6) outcome patients.
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dDTF PageRank - data with HFOs
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Supplementary Figure S26: Direct directed transfer function (dDTF) PageRank, for
segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for good

(N=12) and poor (N=6) outcome patients.
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dDTF Betweenness Centrality - data with HFOs
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Supplementary Figure S27: Direct directed transfer function (dDTF) betweenness centrality,
for segments with HFOs, compared inside (pink) vs. outside (blue) resection separately for

good (N=12) and poor (N=6) outcome patients.
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dDTF Inward Strength - data without HFOs
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Supplementary Figure S28: Direct directed transfer function (dDTF) inward strength, for

segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for

good (N=12) and poor (N=6) outcome patients.
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dDTF Total Strength - data without HFOs
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Supplementary Figure S29: Direct directed transfer function (dDTF) total strength, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for

good (N=12) and poor (N=6) outcome patients.
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dDTF PageRank - data without HFOs
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Supplementary Figure S30: Direct directed transfer function (dDTF) PageRank, for
segments without HFOs, compared inside (pink) vs. outside (blue) resection separately for
good (N=12) and poor (N=6) outcome patients.
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dDTF Betweenness Centrality - data without HFOs
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Supplementary Figure S31: Direct directed transfer function (dDTF) betweenness centrality,
for segments without HFOs, compared inside (pink) vs. outside (blue) resection separately

for good (N=12) and poor (N=6) outcome patients.
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Nodal Outward Strength - High gamma
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Supplementary Figure S32: Variation of nodal outward strength in each electrode of every

patient across four different nights of iEEG recording for the high gamma band.
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Nodal Outward Strength - Ripples
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Supplementary Figure S33: Variation of nodal outward strength in each electrode of every

patient across four different nights of iEEG recording for the ripple band.
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Nodal Outward Strength - Fast ripples

Patient 1 Patient 3 Patient 4 Patient 5 Patient 6 Patient 20

Electrode
W NG A WN =
0N U A WN 2
N U AR WN S
W NG A WN =

-
o
iy
=)
-
=)
-
o

-
s
Y
-
-
=Y

© @ N e A W N A
-
s

Inside Resection

-
N
'y
N
-
N
-
N

g 1 1 1 1 1
2
= 3 2 2 : :
& 4 3
b5 !5 4 4 4
3 Tie 5 5 5 4
m 517 6 6 6 5 0
g8 7 7 7
v oo 8 8 8 6
= 10 9 9 9
- 1 7
& 12 10 10 10 e
=1 13 11 11 11
@) 14 12 12 12 9
1 2 3 4
Night Night Night Night Night Night

Supplementary Figure S34: Variation of nodal outward strength in each electrode of every

patient across four different nights of iEEG recording for the fast ripples band.
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Nodal Clustering Coefficient - Low gamma
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Supplementary Figure S35: Variation of nodal clustering coefficient in each electrode of

every patient across four different nights of iEEG recording for the low gamma band.
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Nodal Clustering Coefficient - Ripples
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Supplementary Figure S36: Variation of nodal clustering coefficient in each electrode of

every patient across four different nights of iEEG recording for the ripple band.
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Nodal Clustering Coefficient - Fast ripples

Patient 1 Patient 3 Patient 4 Patient 5 Patient 6 Patient 20

= 1 1 1 1 1
e 5 2 2 2 2
= 3 3 3 3
8 w ! 3 4 4 4 4
-y g 4 5 5 5 5
@ Bl 6 6 6 6
& Q@ 7 7 7 7
) Wie 8 8 8 8
E 7 9 9 9 9
» 8 10 10 10 10
E 11 1 1 11
9 12 12 12 12
1.2 3 4 1.2 3 4
Night Night Night
= 1 1 1 1 1
.E ; 2 2 2 )
"; H 3 3 3
3
g ols 4 4 4
- Tis 5 5 5 4
= = 6 6 6 s
o8 7 7 7
L -—
= w9 8 8 8 6
@ 1 9 9 9 7
< 10 10 10
12 8
= 13 1 11 1
=) 14 12 12 12 9
1.2 3 4 1.2 3 4
Night Night Night Night Night Night

Supplementary Figure S37: Variation of nodal clustering coefficient in each electrode of

every patient across four different nights of iEEG recording for the fast ripples band.
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List of abbreviations

AEC Amplitude Envelove Correlation
Al Artificial Intelligence
AIC Akaike’s Information Criterion

ANOVA Analysis of Variance

AR Autoregressive

ASMs Antiseizure Medications
AUC Area Under the Curve

BC Betweenness Centrality
BCT Brain Connectivity Toolbox
CC Clustering Coefficient
CNS Central Nervous System
CT Computerized Tomography
DC Direct Current

DRE Drug-Resistant Epilepsy
DTF Direted Transfer Function
dDTF direct Directed Transfer Function
EC Eigenvector Centrality
ECOG Electrocorticography

EEG Electroencephalography
EMG Electromyogram

ETE Extratemporal Epilepsy
ES Epilepsy Surgery

EZ Epileptogenic Zone

FC Functional Connectivity
FCD Focal Cortical Displasia
FDR False Discovery Rate

178



FR Fast Ripple

GABA Gamma-Amino-Butyric Acid

FDA Food and Drug Administration

fMRI functional Magnetic Resonance Imaging
FN False Negative

FP False Positive

HD-EEG High-Density Electroencephalography
HD-MEG High-Density Magnetoencephalography

HFA High-Frequency Activity

HFOs High-Frequency Oscillations

HS Hippocampal Sclerosis

IEDS Interictal Epileptiform Discharges
iEEG Intracranial Electroenchephalography
IR Infinite Impulse Response

ILAE International League Against Epilepsy
ISH Interictal Suppression Hypothesis

1Z Irritative Zone

kNN k-Nearest Neighbors

LME Linear Mixed-Effects

LR Logistic Regression

MCD Malformation of Cortical Development
MEG Magnetoencephalography

MI Modulation Index

MMSE Minimum Mean Square Error

ML Machine Learning

MNI Montreal Neurological Institute

MPC Mean Phase Coherence

MRI Magnetic Resonance Imaging
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MTLE
MVAR
NIH
NIZ
NMDA
NREM
NPD
NPV
oAEC
PET
PLV
PPV
PR

PZ

RZ
SdDTF
SEEG
SMOTE
SOz
SPECT
SUDEP
SVM
TBI
TLE
TN

TP
WHO

Mesial Temporal Lobe epilepsy

Multivariate Autoregressive

National Institute of Health

Non-Involved Zone

N-methyl-D-aspartate

Non-Rapid Eye Movement

Nonparametric Directionality

Negative Predictive Value

orthogonalized Amplitude Envelope Correlation
Photon Emision Tomography

Phase Locking Value

Positive Predictive Value

PageRank

Propagation Zone

Resection Zone

Short-Time Direct Directed Transfer Function
Stereoenchephalography

Synthetic Minority Over-sampling Technique
Seizure Onset Zone

Single-Photon Emission Computed Tomography
Sudden Unexpected Death in Epilepsy
Support Vector Machine

Traumatic Brain Injury

Temporal Lobe Epilepsy

True Negative

True Positive

World Health Organization
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