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Abstract

Epilepsy is one of the world’s most common neurological diseases, affecting over 50 million

people. Nearly a third of these individuals have drug-resistant epilepsy (DRE), a condition

characterized by a lack of response to antiseizure medications. For these individuals, the

primary remaining treatments are surgical intervention or neuromodulation. The success

of these interventions depends mainly on solving two critical challenges: first, precisely

localizing the seizure onset zone (SoZ) for resection or stimulation targets, and second, ac-

curately predicting seizures for advisory or therapeutic devices. This dissertation addresses

both challenges by developing and validating two distinct computational frameworks based

on the retrospective analysis of intracranial EEG (iEEG) recordings.

First, this thesis establishes a generalizable, biomarker-driven framework for identi-

fying the SoZ. It demonstrates that epileptic networks possess common, population-level

signatures. By leveraging effective connectivity measures based on frequency-domain con-

vergent cross-mapping (FD-CCM) and graph centrality, a robust model is developed. This

approach is validated on challenging interictal recordings, demonstrating that integrating

these novel graph features with established biomarkers in a hybrid classifier achieves state-

of-the-art performance with 90% accuracy, providing a robust and generalizable tool for

pre-surgical evaluation.

Second, the dissertation pivots to the challenge of seizure prediction, where it develops

a patient-specific, multi-model framework to account for the high degree of intra-subject

seizure heterogeneity. This approach uses unsupervised learning to cluster seizures based

on their unique preictal signatures and trains an ensemble of specialized classifiers. The

power and flexibility of this framework are demonstrated through two distinct feature

engineering approaches. Its effectiveness was first validated using a comprehensive set

of power spectral density (PSD) features, achieving a mean sensitivity of 98.54% and

reducing the false positive rate by nearly 50% compared to the unclustered approach.

In parallel, a novel biomarker, the Absolute Mean Instantaneous Frequency Difference

(AMIFD), was introduced and also demonstrated strong predictive performance (92.08%

sensitivity), confirming the framework’s robustness.
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Chapter 1

Introduction

1.1 The Clinical Challenge of Epilepsy

Epilepsy stands as one of the world’s most prevalent chronic neurological diseases, affecting

over 50 million people globally. It is a condition characterized by an enduring predisposition

of the brain to generate spontaneous, abnormal electrical events known as epileptic seizures.

While a significant portion of this population can successfully manage their condition with

a regimen of Anti-Epileptic Medications (AEDs), a devastatingly large subset cannot [2].

1.1.1 The Problem of Drug-Resistant Epilepsy (DRE)

Approximately one-third of all individuals with epilepsy suffer from Drug-Resistant Epilepsy

(DRE), which is clinically defined by the failure of two or more appropriately chosen and

tolerated AEDs to achieve sustained seizure freedom. For this population, numbering in

the millions, the clinical, social, and personal burden is immense. The unpredictable,

disruptive nature of seizures severely compromises quality of life, restricting fundamental

activities such as driving, working, and social engagement. More critically, uncontrolled

seizures are associated with significant comorbidities, including cognitive decline, psychi-

atric disorders, physical injury, and a tragically elevated risk of Sudden Unexpected Death

in Epilepsy (SUDEP) [3, 4].

The failure of pharmacological treatment forces patients and clinicians to turn to more

invasive, high-stakes interventions: namely, resective surgery and neuromodulation. The

1
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success of these interventions, however, is not guaranteed. It hinges on our ability to solve

two of the most complex computational and clinical challenges in epileptology.

1.1.2 Twin Challenges in DRE Management

For any given patient with DRE, the clinical pathway is determined by two fundamental

questions: ”Where in the brain is the seizure coming from?” and ”When will the next

seizure occur?” This dissertation develops advanced computational frameworks to address

both of these critical questions, which are central to the two primary interventional strate-

gies for DRE.

1.2 Intracranial EEG: The Gold Standard for Analysis

To address either the localization or prediction challenge, we require a signal that cap-

tures brain activity with the highest possible fidelity. While non-invasive scalp electroen-

cephalography (EEG) is a crucial diagnostic tool, it suffers from a low signal-to-noise ratio

and poor spatial resolution as the electrical signals are smeared and attenuated by the skull

and scalp. For the high-stakes decisions involved in pre-surgical evaluation and the devel-

opment of next-generation devices, the ”gold standard” for data acquisition is intracranial

EEG (iEEG) [5].

1.2.1 Data Acquisition and Properties

iEEG is an invasive procedure, typically performed on DRE patients being evaluated for

surgery, which involves implanting electrodes directly in or on the brain. This is accom-

plished in one of two ways:

• Electrocorticography (ECoG): A craniotomy is performed to place grid or strip elec-

trodes directly on the surface (cortex) of the brain.

• Stereoelectroencephalography (sEEG): Multiple depth electrodes are stereotactically

inserted into deeper brain structures, allowing for the sampling of a three-dimensional

volume.
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While invasive, iEEG provides an unparalleled window into brain dynamics. The re-

sulting signals have an extremely high spatiotemporal resolution (sampling activity from

millimeter-scale neural populations at 1 kHz or higher) and a signal-to-noise ratio far supe-

rior to any non-invasive modality. It is this high-fidelity data, collected continuously over

days or weeks, that forms the basis for all work in this dissertation.

1.2.2 Key Electrophysiological States

The analysis of long-term iEEG data is typically segmented by its temporal relationship

to a seizure event. Understanding these distinct electrophysiological states is fundamental

to this dissertation:

• Ictal: The period during which the seizure itself is occurring. It is visually and

computationally distinct, often characterized by high-amplitude, hypersynchronous,

and rhythmic discharges.

• Interictal: The ”baseline” state of the brain. This refers to the long periods (hours,

days, or even weeks) between seizure events.

• Preictal: The short, subtle, and transitional state that precedes a seizure. This

period, which can last from seconds to hours, is theorized to contain the unique

electrophysiological ”fingerprint” or signature that signals an impending seizure.

A primary goal of modern computational epileptology is to identify robust, clinically-

relevant biomarkers within the interictal and preictal states. Relying on the ictal state is

insufficient; for localization, it can be misleading due to rapid seizure propagation, and for

prediction, it is by definition too late.

1.3 Computational Gaps and Research Opportunities

Despite access to high-fidelity iEEG data, accurately localizing the SoZ and reliably pre-

dicting seizures remain largely unsolved problems. This is because traditional analysis

methods are often insufficient to capture the profound complexity of the epileptic brain.

The work in this dissertation is designed to address two specific, critical gaps in the liter-

ature.
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1.3.1 Gap 1: Limitations in SoZ Localization

The current clinical gold standard for SoZ localization relies heavily on the visual inspection

of iEEG recordings by expert epileptologists. This is an extraordinarily difficult, time-

consuming, and subjective process that requires a clinician to manually review days or

weeks of multi-channel data to identify the earliest electrographic changes of a seizure.

This process is known to suffer from poor inter-rater reliability and lacks standardization.

To augment this visual analysis, researchers have proposed quantitative biomarkers.

As noted in Paper 2 of this thesis, these include features such as the rate of interictal

epileptiform discharges (IEDs), the prevalence of pathological high-frequency oscillations

(HFOs), and changes in relative band power (RBP).

However, these biomarkers have significant limitations. HFOs, while a promising

marker of pathology, are complex to detect reliably and automatically, and their precise

relationship to the SoZ (as opposed to just irritated tissue) is still debated. More fun-

damentally, these biomarkers are all univariate. They analyze each electrode channel in

isolation, ignoring the fact that epilepsy is now widely understood to be a network disease.

The SoZ is not just an isolated ”bad” electrode but rather a set of critical nodes within

a larger, pathologically connected epileptogenic network. Methods that ignore the inter-

actions between brain regions fail to capture the complex network dynamics that underlie

seizure generation and propagation.

While some studies have begun to apply network analysis, they often rely on simple,

linear, and non-directional measures of functional connectivity, such as cross-correlation.

What is critically needed is a framework that models the effective connectivity—the di-

rected, causal influence that one brain region exerts over another—and uses the graph-

theoretic properties of this network to build a robust, generalizable biomarker for the SoZ.

Furthermore, this biomarker must be effective on the more clinically convenient and readily

available interictal data, not just on the ictal event itself.

1.3.2 Gap 2: Hurdles in Seizure Prediction

The challenge of seizure prediction is even more notorious. The field has a long history of

studies reporting high accuracy, only to fail in rigorous validation or prospective trials. The

reasons for this difficulty are manifold, but two stand out as the most significant hurdles,
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which are directly addressed in Papers 3 and 4 of this thesis.

First is the problem of signal non-stationarity. The statistical properties of the iEEG

signal (its mean, variance, and spectral content) are unstable; they drift over time due to

patient state, medication, and sleep-wake cycles. A model trained on data from Monday

may fail on data from Wednesday simply because the baseline brain activity has shifted.

Second, and arguably the single most significant gap in the literature, is the problem

of intra-subject seizure variability. The vast majority of existing prediction algorithms are

built on a ”one-model-per-patient” assumption. This implicitly treats all of a patient’s

seizures as identical events, preceded by an identical preictal signature. Clinical observa-

tion and electrophysiological analysis prove this is false. A single patient may experience

multiple distinct seizure types, with different clinical manifestations, propagation pathways,

and, most importantly, different preictal electrical signatures.

A model trained to detect only one of these signatures will fail catastrophically when

another seizure type occurs, resulting in a false negative. This failure to account for seizure

heterogeneity is a primary reason why no prediction algorithm has successfully transitioned

to widespread clinical use. The field does not need another feature set; it needs a new

framework that abandons the single-model assumption and embraces a patient-specific,

multi-model approach capable of automatically identifying and modeling the true diversity

of a patient’s seizures.

1.4 Thesis Statement and Objectives

This dissertation addresses these two fundamental challenges by developing, validating,

and analyzing two distinct, high-performance computational frameworks tailored to the

specific demands of localization and prediction.

The central thesis of this work is that (1) a generalizable, biomarker-driven framework

built on novel graph-theoretic measures of effective connectivity can robustly identify the

SoZ from intracranial iEEG, and (2) a patient-specific, multi-model framework is essential

for reliable, long-term seizure prediction, as it can explicitly model the seizure heterogeneity

present within a single individual.

To validate this thesis, the following objectives were set:
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1. To investigate the capability of supervised machine learning models using graph

centrality features, derived from model-free effective connectivity (EC) measures—

specifically Directed Information (DI), Mutual Information-guided Granger Causality

(MI-GCI), and Frequency-Domain Convergent Cross-Mapping (FD-CCM)—to iden-

tify the SoZ from peri-ictal iEEG recordings.

2. To develop a robust, generalizable SoZ localization framework that functions on more

challenging interictal data by creating a hybrid multi-layer perceptron (MLP) model

that integrates novel FD-CCM graph features with established biomarkers (IEDs,

HFOs, and RBP).

3. To design and validate a patient-specific, multi-model seizure prediction framework

that uses unsupervised feature selection (Minimum Uncertainty and Sample Elimi-

nation, or MUSE) to automatically cluster seizure-specific preictal patterns based on

power spectral density (PSD) features, thereby accounting for intra-subject seizure

heterogeneity.

4. To introduce a novel electrophysiological biomarker, the Absolute Mean Instanta-

neous Frequency Difference (AMIFD), and validate its effectiveness as a feature set

within this multi-model prediction framework, demonstrating the framework’s flexi-

bility and robustness.

1.5 Dissertation Roadmap

This dissertation is structured in two main parts, corresponding to the twin challenges of

localization and prediction, preceded by a review of the technical background and followed

by a final synthesis.

• Chapter 2 provides a comprehensive review of the technical background and litera-

ture. This includes a deeper discussion of iEEG signal processing, the foundations of

the effective connectivity measures and graph theory used, which form the basis of

the subsequent chapters.

• Part I: Seizure Onset Zone Localization (Chapters 3 and 4) focuses on developing a

generalizable model for SoZ identification.
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– Chapter 3 introduces the core methodology, demonstrating the capability of

effective brain connectivity and graph centrality features to identify the SoZ in

peri-ictal recordings, and identifies FD-CCM as a particularly potent measure.

– Chapter 4 extends this work to develop a robust, generalizable model for iden-

tifying the SoZ from interictal data, thereby fulfilling Objective 2 by building

and validating a hybrid model combining biomarkers.

• Part II: Patient-Specific Seizure Prediction (Chapters 5 and 6) pivots to the challenge

of prediction, arguing for and developing a patient-specific, multi-model approach.

– Chapter 5 introduces the patient-specific, multi-model classification framework.

It validates this novel approach, fulfilling Objective 3 by using PSD features to

cluster seizures and demonstrating significant improvements in sensitivity and

false-positive rate over single-model baselines.

– Chapter 6 presents the novel AMIFD biomarker. It fulfills Objective 4 by val-

idating this feature’s effectiveness within the multi-model framework, thereby

establishing a flexible and powerful pipeline for personalized seizure prediction.

• Chapter 7 provides a final interpretation of these findings. It discusses the broader

implications of the generalizable localization and patient-specific prediction frame-

works, acknowledges the limitations of this body of work, and proposes exciting

avenues for future research that build directly upon these contributions.



Chapter 2

Background and Literature Review

2.1 Fundamentals of iEEG Analysis and Brain Rhythms

Upon inventing the EEG to record the brain’s electrical activities, Berger identified specific

patterns of continuous recurring oscillations from the EEG recordings. He used the terms

alpha and beta waves to describe these oscillatory brain rhythms in [6]. Since this discovery,

researchers have documented numerous sustained oscillations across various mammalian

brains, ranging from periods in minutes to frequencies over 600 Hz generated by different

mechanisms. Furthermore, brain activity comprises multiple rhythms (frequencies) and

varies over time [7]. Thus, time-frequency analyses of brain signals provide an appropriate

measure of changes in frequency over time. Two standard methods for frequency decompo-

sition are the short-term Fourier transform (STFT) and the wavelet transform [7]. STFT

computes the Fourier transform over a time window that spans the time series. A signal is

decomposed by wavelet transform onto a set of basis functions called wavelets. These are

obtained from scaling and time shifts of a single template, called the mother wavelet [8].

Over time, scientists grouped these oscillations into different frequency bands. Although

there is no exact limit for each band, the commonly categorized bands are delta (1-4 Hz),

theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), gamma (30-80 Hz), ripple (80-200 Hz),

and fast ripple (200-600 Hz) [9]. Based on the sampling frequency, the ripple band can be

band-limited to 80-250 Hz, and the fast ripple to 250-500 Hz. These frequency bands are

shown in Table 2.1. iEEG oscillations above frequencies of 20 Hz are typically grouped

8
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as fast oscillations (FOs). FOs include the beta-2 sub-band in 20 - 30 Hz, the gamma

band, ripples, and fast ripples. High-frequency oscillations (HFOs), a subgroup of FOs, are

characterized by at least four oscillations in the ripple or fast-ripple frequency bands (80

Hz and above). HFOs occur for a relatively short duration (10–100 ms) and have a higher

amplitude (10–1000 µV) than background EEG/seizures [10].

Table 2.1: EEG frequency bands

Frequency Range Band Name

1 – 4 Hz Delta (δ)

4 – 8 Hz Theta (θ)

8 – 13 Hz Alpha (α)

13 – 30 Hz Beta (β)

30 – 80 Hz Gamma (γ)

80 – 250 Hz Ripples

250 Hz and above Fast ripples

2.2 Graph-based Brain Connectivity

One of the primary goals of cognitive neuroscience is to identify the neural interactions

within the brain corresponding to a specific cognitive task. By comparing these interactions

during seizures with a healthy baseline, we can identify the abnormalities. Researchers have

used this approach to generate a brain map from iEEG data for the analysis of epileptic

patients.

Brain connectivity, as described in [11], can be classified into three types: structural

connectivity, functional connectivity, and effective connectivity. Structural/ anatomical

connectivity refers to the physical interconnection of axons emerging from a brain region

connecting to another. Any of the widely available non-invasive magnetic resonance imag-

ing techniques can identify the structural connectivity. Functional connectivity is a measure

of the correlation or the statistical dependency between the brain regions inferred from a
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time-series signal. It helps group regions of the brain into an interactive network corre-

sponding to a cognitive task. The Pearson’s correlation coefficient is a commonly used

measure of functional connectivity. Effective connectivity represents the directional data

flow between the brain regions during a cognitive task. It identifies a causal brain network

corresponding to the directed interactions among brain areas during a cognitive task [12].

There are other ways to describe and classify brain connectivity measures. For example,

complex network models are used in [13] to define structural and functional connectivity

employing small-world architectures, clustering, and quantifiable topological parameters,

such as modularity, centrality, and hub distribution. In [14], functional connectivity is de-

scribed as an observable phenomenon quantified with measures of statistical dependencies,

and effective connectivity corresponds to the parameter of a model that tries to explain

observed dependencies described by functional connectivity. Functional connectivity has

been used to discriminate borderline personality disorder in [15].

The presence of hidden sources highly impacts the estimation of connectivity measures.

For example, in functional connectivity estimation using Pearson’s correlation, two inde-

pendent processes can still be highly correlated. However, neither could be a causal factor

for the other, and a hidden process could be driving both. Hidden factors can also lead

to spurious connectivity estimates using Granger Causality measures if a common input

node is not observed or the coupling strength varies between nodes [16, 17]. This, however,

can be eliminated by observing all the nodes and using re-normalization. Other factors

that affect the accurate estimation of connectivity measures are signal-to-noise ratio and

unequal observation periods [16]. Thus, care must be taken to minimize the noise and

avoid sampling bias.

Identifying a causal relation in a complex system such as the human brain can be com-

plicated. Scientists have developed multiple methods over the years for estimating effective

connectivity. However, it is often debated whether the effective connectivity measure is an

actual representation of the causal interactions within the brain. This stems from the idea

that a few hundred electrophysiological recordings from different regions may be insufficient

to derive a brain’s causal model consisting of billions of neurons, as the activities of the

numerous unobserved neurons may likely have a more significant influence than the ones
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recorded [18]. Perhaps effective connectivity can be better described as a directional mea-

sure inferred from the statistical dependence of the time-series of iEEG recordings across

channels. Nonetheless, such effective connectivity measures have shown promising results

in locating SoZ. For the context of this manuscript, any reference to ”causal” networks

refers to effective connectivity.

2.3 State-of-the-Art in SoZ Identification

The following sections are adapted from the author’s review paper on SoZ identification [5]

and provide a comprehensive overview of the field, from the definition of the epileptogenic

zone to the various biomarkers that have been proposed to identify it.

2.3.1 Epilepsy and the Epileptogenic Zone

A seizure is a sudden unrestricted disruption of electrical activity across the neurons [19].

Usually caused by the local disturbances of the brain’s electrical activity, seizures typi-

cally cause short-term abnormalities in muscular movements and consciousness. Although

sometimes a known external reason, such as stroke or head injury, causes seizures, the

cause remains unidentified in many cases. Physicians diagnose a person as epileptic when

they encounter more than two unprovoked seizing episodes separated by at least one day.

Epilepsy is one of the most diagnosed neurological disorders affecting around 65 million

global citizens, with about 3.4 million of them in the United States [2]. Roughly half of

them are diagnosed with a known cause. These can be genetic or caused by a structural

change in the brain, a brain infection, or autoimmune disorder. Identification of the cause

can help in curating a successful treatment strategy.

A group of features characterizes epileptic syndrome. Examples include seizure type,

affected regions, cause, age of onset, severity, and attack frequency [2]. Seizures are broadly

classified into three groups by the International League Against Epilepsy (ILAE) based on

the onset, the patient’s level of awareness during the seizure, and the presence/absence of

motor symptoms exhibited by the patient [20]. The different groups are shown in Figure

2.1. Focal onset seizures, also called partial seizures, are localized, with the seizures start-

ing in one part of the brain. Temporal lobe epilepsy (TLE) is one of the most common
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Figure 2.1: The ILAE classification of seizures.

forms of epilepsy. It is the most common focal onset epilepsy [21]. Focal onset seizures are

further classified into focal onset awareness if the person is awake and knowledgeable, and

focal onset impaired awareness when the seizure affects the patient’s awareness. General-

ized onset seizures, also called generalized tonic-clonic or grand mal seizures, affect both

hemispheres of the brain simultaneously and frequently cause impaired cognition. When

the origin of the seizure is undetermined, it’s categorized as an unknown-onset seizure.

Note that the seizure types described in this thesis were defined according to the 1981

ILAE seizure classification [20], as portions of the underlying data were recorded and clini-

cally annotated before the introduction of the revised 2017 ILAE classification [22, 23]. To

maintain consistency with the original clinical labels and avoid retrospective reinterpreta-

tion, the historical classification framework was retained throughout the analysis.

Localizing epilepsy has been one of the crucial tasks since its diagnosis. Some of the

early work from [24] defined the concept of epileptogenic lesion responsible for epilepsy as

structurally and functionally distributed tissue lesions, but are operationally abutting grey

matter. Based on this, Jasper [25] defined the lesion area, epileptogenic focus, and the

epileptogenic spikes as three concentric circles with different properties that are evident

on EEG analysis. This idea has evolved over the years. From a surgical perspective, SoZ
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Figure 2.2: The epileptogenic zone (EZ) [1].

is the cortical region where seizures originate. The EZ, which refers to the crucial areas

for generating seizures, is equivalent to a subsection of cortical regions that include SoZ

and potential SoZ regions inferred from irritative zone - the cortical regions that generate

interictal spikes [26]. Resection of EZ should render patients free from seizures. Figure 2.2

shows the pictorial representation of the EZ encompassing the actual SoZ and potential

SoZ [1]. As the location of EZ cannot be deduced directly, it is inferred mainly from SoZ.

Thus, the two terms are used interchangeably [26].

Currently, SoZ localization is performed by epileptologists using visual inspection.

First, magnetic resonance imaging (MRI) of the brain is used to locate focal lesions. Then,

the ictal EEG or iEEG recordings of individual electrodes are inspected to identify sig-

natures of SoZ, such as low-voltage fast activity and periodic spiking [27]. EEG recorded

during sedated sleep, and sleep deprivation has shown to improve the diagnosis of epilepsy

by locating sites of epileptiform discharges that were not seen in routine EEG [28]. Thus,

an epileptologist may also choose to record EEG (or iEEG) from patients under sedated

sleep or sleep-deprived states.
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2.3.2 Biomarker I: High-frequency Oscillations (HFOs)

HFOs are widely studied biomarkers for SoZ identification. HFO occurrence rate is fre-

quently used to identify SoZs. In [29], iEEG from ten patients with intractable epilepsy

showed significantly higher HFO rates in SoZ channels (24.3±32.4) than in non-SoZ chan-

nels (1.9 ± 4.7), particularly for fast ripples. HFOs occurred independently of epileptic

spikes, and HFO rate outperformed spikes with 95% specificity. In [30], HFOs were identi-

fied in ten presurgical patients using visual inspection and fast Fourier transform. Similar

findings appear in [31, 32, 33]. Additional features, such as amplitude, duration, and peak

frequency, complement HFO rate for seizure onset prediction [34, 35, 36]. Resection of

regions with high interictal HFO activity correlates with improved seizure outcomes in

[37, 38, 39], supporting presurgical utility.

Figure 2.3: Automatic detection of High-frequency Oscillations.

HFOs also occur in non-SoZ regions, prompting classification of pathological versus

physiological events. In [35], 35 patients’ fast ripples were classified into Type I (IED-

coupled) and Type II. Type I ripples had higher frequency (p = 0.019), shorter duration

(p = 0.000), and greater amplitude (p = 0.000). HFO power often rises sharply at seizure

onset or minutes prior. In [40], power doubled in 40–50 Hz and increased fivefold in 80–120
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Hz. Very fast oscillations seconds before seizure onset were observed in [41]. HFOs localized

to seizure-onset electrodes for all patients in [42], with high-frequency activity rising up to

20 minutes before seizures. In [43], HFOs above 100 Hz were localized at onset electrodes,

with significant power increase 8 seconds before onset.

Automated HFO detection typically uses anomaly detection to identify high-frequency

events. Figure 2.3 shows a generalized block diagram. In [44], a moving average RMS

amplitude detector in 100–500 Hz with a 3 ms sliding window selected candidate win-

dows exceeding five standard deviations, with at least six rectified peaks required. In [45],

similar candidate selection was followed by unsupervised classification using spectral fea-

tures. In [46], dynamic time warping measured window distances, and clustering separated

background from epileptogenic activity.

Interictal spikes (IES), brief EEG events (<250 ms), are sensitive spatial biomarkers

but lack specificity [47, 48]. Combining IES with HFOs improves onset zone identification.

In [49], a kernelized SVM trained on eight patients and simulated data achieved 95–100%

accuracy and 96–100% specificity. IES alone performed poorly, while combining IES with

HFOs improved predictions. Sensitivity decreased in noisy simulated data.

iEEG recordings often contain high-frequency artifacts from muscle movements, which

can be mistaken for HFOs [50]. Semi-supervised learning or tailored filtering improves

detection. In [32], time-frequency denoising removed spikes, followed by clustering based

on spectral features to isolate HFOs.

Despite their promise, HFOs vary across brain regions and depend on sleep state and

recording conditions. In [51], HFO rate during non-REM sleep was no better than spikes for

SoZ localization. In [52], group-level correlations between HFO removal and seizure free-

dom weakened at the individual level; some patients became seizure-free without resecting

most HFO-generating regions. These limitations highlight the need for improved detection

methods, discrimination of pathological versus physiological HFOs, and complementary

biomarkers to enhance SoZ identification.

2.3.3 Biomarker II: Effective Brain Connectivity Measures

This section reviews two main measures of effective connectivity used to localize seizures:

family of Granger Causality (GC) measures and Directed Information (DI). In both cases,
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connectivity is represented using edges of a directed graph with channels as nodes. Graph

features such as node degree and centrality help distinguish SoZ from non-SoZ channels.

Granger Causality (GC) [53] is a popular method in neuroscience to infer causality

between two time series. For two AR time series X and Y, X Granger causes Y if the

predictability of Y improves when its past values and X are used. Mathematically, for

XN = [x1, . . . , xN ] and YN = [y1, . . . , yN ], consider:

yi =
L∑

j=1

ajyi−j + ei =
L∑

j=1

(bjyi−j + cjxi−j) + ẽi

Here, ei is the error predicting Y from its own past, and ẽi is the error using both X and

Y. X Granger causes Y if the mean squared error ẽi is substantially lower than ei.

GC can be extended to multivariate AR models. Frequency-domain measures such as

Directed Transfer Function (DTF) [54] and Partial Directed Coherence (PDC) [55] are

useful for identifying interactions in specific frequency bands. In [56], Fourier and wavelet-

based GC spectra showed high-frequency causal outflow 2–12 s before visible ictal onset

across eight patients, with net causal outflow exceeding three SDs. In [57], 25 patients’

interictal iEEG analyzed with GCCA [58] revealed ”causal nodes” concentrated around

ictally active electrodes, with a chance probability below 10−20.

GC supports the network view of focal seizures. In [59], SoZ is identified as the crucial

node whose removal stops seizures. Graph measures such as node degree and centrality

help locate these nodes. DTF applied to ictal and interictal windows identified the top

5% strongest causal connections, and k-means clustering based on betweenness centrality

separated active regions, correlating with resected areas in seizure-free patients [54, 60].

In [61], time-varying PDC revealed high net outflow regions concordant with clinically

estimated EZ in 16 TLE patients.

GC’s limitations include linearity assumptions and stationarity requirements, making it

less effective for nonlinear brain interactions [62]. Nonlinear GC variants [63, 64, 65, 66] and

adaptive approaches [67, 68, 69, 70] address these issues using time-varying MVAR models

and adaptive Kalman filters. Adaptive DTF was also used to predict seizure onset and

guide resections, with net outflow and out-degree measures corresponding to epileptologists’

identified regions [71, 72].

Directed Information (DI) [73] is an information-theoretic causal measure. For N
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samples of two channels X and Y, DI quantifies the bits of uncertainty in Y causally

explained by X [74, 75]:

I(XN → YN ) =

N∑
n=1

I(XN ; yn|Yn−1).

DI is model-agnostic and applicable to EEG and ECoG.

In [74], a data-driven likelihood estimator computed DI between electrodes. Net out-

ward flow identified regions with significant causal influence, matching visual expert analy-

sis, with false positives in only two patients. Areas were ranked by clinical relevance based

on net outflow.

Combining DI and GC enhances SoZ localization. In [76], an automated algorithm using

IEEG-Portal data [77] estimated pairwise causal influence via DI and GC, then applied

a PageRank-based scoring [78]. In 17 of 19 patients, the method correctly identified over

50% of onset electrodes or immediate neighbors.

2.3.4 Biomarker III: Phase-Amplitude Coupling (PAC)

Neuronal synchrony can be interpreted as interactions between oscillations at different

frequencies. Lower frequencies coordinate long-range interactions, while high-frequency

bands mediate short-term local interactions [79]. Oscillations across frequency bands often

influence each other, a phenomenon known as cross-frequency coupling (CFC) [80]. A

major form of CFC is phase-amplitude coupling (PAC), where the phase of low-frequency

oscillations modulates the amplitude of high-frequency activity. In [81, 82], CFC was

shown to reflect ongoing brain activity and vary with cognitive tasks. Ictal iEEG studies

[83, 84, 85] demonstrate that PAC between low-frequency phase and high-frequency gamma

amplitude effectively characterizes seizures. These observations have motivated studies on

PAC’s predictive value for SoZ identification [86, 87, 88].

Several methods exist to quantify PAC [89, 90, 91]. A widely used approach is the mod-

ulation index (MI) [92], based on a normalized entropy measure [93]. The Hilbert transform

extracts the high-frequency envelope and low-frequency phase. Phases are binned against

the mean amplitude of the high-frequency signal, and the normalized entropy calculates

MI. In [86], MI was calculated across all low- and high-frequency pairs during the first four

minutes of each sleep stage (N1, N2, N3, REM). Channels were classified as SoZ, exclusively
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irritative zone (EIZ), or normal zone (NoZ). MI was higher in SoZ channels than EIZ or

NoZ across sleep stages, peaking during deep sleep (N3). Prior work [44, 31] also links sleep

modulation of HFOs with PAC. However, regional PAC differences and its role in guiding

resections remain unexplored. In [87], phase-locking value analysis similarly showed higher

PAC near seizure onset electrodes. In [88], ripples (80–150 Hz) and EEG spikes in mesial

temporal lobe epilepsy patients were analyzed during sleep. PAC was assessed via phasor

transformation and spectral averaging, showing stronger coupling inside SoZ than outside.

Supervised machine learning supports PAC as a SoZ biomarker. In [94], a logistic

regression classifier using PLV features of high-gamma amplitude and low-frequency phase

accurately identified SoZ in ten patients. The number of non-resected SoZ electrodes

predicted seizure outcome in non-seizure-free patients.

Despite promising results, PAC findings are based on small studies. Their generaliz-

ability is uncertain, and the quantitative relationship between PAC and SoZ remains to

be fully established. Further work is needed to validate PAC as a reliable biomarker for

seizure localization.

2.3.5 Role of Machine Learning in SoZ Identification

The growing availability of data has enabled extensive use of machine learning (ML) algo-

rithms for predictive tasks, including in biological datasets. Many studies have applied ML

to brain data for seizure detection and prediction with high accuracy [95, 96, 97, 98, 99].

Seizure localization is more complex, as ground truth from visual inspection is subjective;

one way to validate is by assessing post-surgical seizure freedom after resection of the

identified regions.

As noted in section 2.3.2, unsupervised ML methods such as clustering and anomaly

detection are commonly used for automated HFO identification. These methods accurately

locate SoZ, corresponding to resected regions in seizure-free patients. Similarly, graph

features from connectivity measures (section 2.3.3) can effectively distinguish SoZ from

non-SoZ channels.

Supervised ML methods rely on class labels provided by epileptologists, with features

mainly extracted from the discussed biomarkers. Each biomarker alone has limitations;
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combining multiple biomarkers can improve predictive power. For example, [100] devel-

oped an SVM classifier using local HFO, interictal epileptiform discharge (IED), and PAC

features. The combined classifier outperformed unsupervised and single-biomarker ap-

proaches, achieving an AUC of 0.79.

The availability of large datasets has also fostered deep neural network (DNN) ap-

proaches for SoZ localization. DNNs can better identify viable biomarkers compared to

conventional ML. In [101], a convolutional neural network (CNN) using time-frequency

maps detected HFOs with higher specificity than standard ML methods. In [102], long

short-term memory (LSTM) models generalized across twelve patients from two indepen-

dent datasets for HFO detection. Recent works also apply DNNs to non-invasive scalp

EEG. For instance, the SZLoc architecture [103] combines local and global CNN encodings

via a transformer layer, achieving mean accuracy of 71.1% and generalizing across datasets.

However, performance is lower than ML approaches using iEEG recordings. These results

suggest that DNNs can serve as efficient presurgical tools, enabling rapid analysis of large

datasets while improving the identification of potential SoZ regions.

2.3.6 SoZ Review Summary and Identified Gaps

Localizing seizure onset from iEEG can be posed as a classification task to separate elec-

trodes into SoZ and non-SoZ. Various phenomena that are characteristic of the iEEG data

from the onset zone have been discussed in this review. One of the most extensively studied

electrophysiological biomarkers is HFOs, often identified using unsupervised anomaly de-

tection. An alternate approach is the evaluation of brain networks using graph theory and

information-theoretic methods. Measures of synchrony and PAC have also shown increased

coupling of specific frequency bands, which can be used to localize SoZ.

However, the true success of an algorithm is measured by post-surgical seizure free-

dom. Most discussed methods are either retrospective or performed in conjunction with a

physician’s analysis. The final decision for resective surgeries is still performed by visual

inspection, which can result in unsatisfactory surgical outcomes [104].

This review highlights a critical gap, which is also noted in Chapter 4 of this thesis:

traditional biomarkers like HFOs and IEDs often fail to capture the complex network

dynamics underlying seizure generation. While graph-based methods are promising, their
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application, especially using advanced non-linear effective connectivity measures, remains

a key area for development. Part I of this thesis is designed to fill this gap by developing

a robust, generalizable framework based on these advanced network features.

2.4 State-of-the-Art in Seizure Prediction: A Review

2.4.1 The Clinical Need and Core Challenges

Beyond localization, the second major goal of computational epileptology is seizure pre-

diction. The persistent unpredictability of seizures poses significant long-term risks and

psychological distress for patients with DRE [3, 4]. This has motivated the pursuit of

seizure prediction systems designed for continuous, long-term monitoring, offering patients

improved safety and autonomy [105, 106, 96, 107]. Long-term intracranial EEG (iEEG)

monitoring enables real-time seizure forecasting, which can reduce injury risk, improve

patient independence, and alleviate anxiety [108, 109, 110, 111, 112, 113, 114].

However, the clinical viability of such systems is fundamentally challenged by the diffi-

culty of maintaining robust performance over extended durations. A primary issue is alarm

fatigue, where even a low false positive rate (FPR) becomes an unsustainable burden over

months, causing patients to lose trust in the device [106, 97, 115, 116, 117]. This challenge

is rooted in two core technical problems: the non-stationarity of brain signals, which de-

grades model performance over time [118], and intra-subject heterogeneity, a concept that

will be explored in detail.

2.4.2 Evolution of Preictal Features and Models

Early efforts in seizure prediction often framed the problem as a binary classification task,

distinguishing preictal segments (typically 30 to 60 minutes pre-seizure) from interictal

activity [96, 97, 119, 120]. This approach, while an oversimplification, facilitated initial

algorithm development.

A vast array of analysis techniques have been applied to identify these discriminat-

ing preictal patterns. Initial work often employed nonlinear dynamical features, such as

Lyapunov exponents and correlation integrals, to capture changes in brain state preceding

a seizure [108, 109, 121, 122, 123]. Later efforts expanded to a wide range of features,



21

including spectral power, coherence, phase synchronization, and entropy, coupled with

various classifiers like Support Vector Machines (SVMs) and artificial neural networks

[124, 125, 126, 127, 42, 30]. Peripheral physiological signals, such as heart rate, have also

been proposed as complementary predictors [128, 129].

More recently, deep learning architectures such as Convolutional Neural Networks

(CNNs) and Long Short-Term Memory (LSTM) networks have been applied to scalp and

sub-scalp EEG to leverage spatio-temporal patterns [110, 113, 130, 131, 132, 120, 133, 134],

though often at the cost of high computational complexity or reduced interpretability.

A significant leap in understanding came from implanted advisory systems, which re-

vealed that seizure likelihood is not binary but fluctuates over time, often following circa-

dian and multiday cycles [135, 136]. This shift in perspective has driven efforts to move

beyond binary labels and toward continuous seizure risk scoring [137, 138, 139, 140].

2.4.3 Real-World Systems and Benchmarking

Real-world datasets from implanted systems have been invaluable for both therapy and re-

search. The NeuroPace RNS trial, for instance, demonstrated a significant median seizure

reduction with its brain-responsive stimulation system [141, 142, 143]. Similarly, the Neu-

roVista advisory system, which used real-time iEEG-based forecasting, achieved high sen-

sitivities (65–100%) in a cohort of 15 patients, validating the potential of real-time forecast-

ing [135]. These systems not only reduce seizure burden but also generate the long-term

electrophysiological data critical for algorithm development [144, 145].

In parallel, crowd-sourced initiatives, such as the American Epilepsy Society Seizure

Prediction Challenge, have enabled the global research community to test algorithms on

publicly available long-term datasets [146, 147]. These efforts have helped benchmark

progress and improve reproducibility. The top-performing models in these challenges

achieved an average AUC in the range 0.79–0.84 [146]. However, this performance of-

ten drops when evaluated on ultra-long iEEG recordings [147], highlighting the challenge

of maintaining robust performance over extended periods.
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2.4.4 The Unaddressed Gap: Intra-Subject Seizure Heterogeneity

Despite these advances, a fundamental limitation persists. Current approaches, including

those in benchmark challenges and clinical trials, often rely on a single model per patient.

This approach may be insufficient to capture the breadth of seizure variability [148, 149].

The same patient may exhibit different seizure types over time, varying in location,

duration, frequency content, and electrophysiological progression [150, 151, 152]. This

diversity is not merely inter-patient, but deeply intra-patient. A dynamical systems frame-

work has even been proposed to capture the range of seizure onset and offset behaviors,

further supporting the idea of seizure diversity [153].

This failure to account for seizure heterogeneity is a primary reason for poor long-

term performance. A model trained on all seizures as if they were identical, or trained on

only one subtype, will fail when a different seizure type with a distinct preictal signature

occurs. Addressing this diversity requires more granular modeling strategies, such as the

personalized signature patterns that have proven effective in seizure detection [154, 155].

This review identifies a critical gap in the field: the need for a seizure prediction framework

that explicitly and automatically models this intra-subject seizure heterogeneity.



Chapter 3

SoZ Identification using Effective

Brain Connectivity Measures

3.1 Chapter Overview

As established in Chapter 1, accurately localizing the SoZ is a critical, unresolved challenge

in pre-surgical planning for drug-resistant epilepsy. Chapter 2 provided the technical back-

ground for analyzing brain networks, highlighting the limitations of traditional, univariate

biomarkers and the theoretical advantages of using effective connectivity (EC) and graph

theory.

This chapter presents the first application of this network-based framework. The objec-

tive is to demonstrate the capability of utilizing graph feature-based supervised algorithms

on iEEG recordings for the identification of SoZs in individuals with drug-resistant epilepsy.

This study aims to apply novel data-driven techniques for estimating the directed propa-

gation of signals from iEEG recordings to precisely localize the SoZ.

To this end, we extract EC graphs from ictal iEEG recordings using three emerging

methods: directed information (DI), mutual information-guided Granger causality index

(MI-GCI), and frequency-domain convergent cross-mapping (FD-CCM). Graph centrality

measures at different sparsity levels are then utilized as features for the classifier and ana-

lyzed through interpretable machine learning models. A key innovation of this work is

the novel combination of these advanced EC algorithms with topological graph

23
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features to improve automated SoZ mapping. We utilize an open-source dataset of

drug-resistant epilepsy patients from OpenNeuro (ds004100) to enable reproducibility.

The content of this chapter is adapted from [156]. The subsequent sections will demon-

strate that this approach is highly effective, with centrality features achieving high accu-

racies exceeding 90% in distinguishing SoZ electrodes from non-SoZ electrodes. We will

demonstrate that FD-CCM centrality measures are particularly significant, achieving a

mean AUC of 0.93 and outperforming the prior literature. This research highlights the

potential of specific EC measures in enhancing discriminative power within the context of

epilepsy research.

3.2 Dataset Description

Our investigation utilized de-identified iEEG data obtained from 58 individuals undergoing

surgical treatment for drug-resistant epilepsy at the Hospital of the University of Pennsyl-

vania (HUP) [157]. Every participant involved in this research provided written informed

consent in alignment with the Institutional Review Board at the University of Pennsylvania.

Subjects underwent intracranial EEG using subdural grids, strips, and depth electrodes

(ECoG) or stereotactically placed depth electrodes (SEEG), followed by surgical resection

or laser ablation. The sampling frequency (Fs) and the number of electrodes varied based

on the subject and the type of electrode used. The dataset comprises iEEG recordings dur-

ing interictal and ictal periods, as well as electrode localizations in ICBM152 MNI space

[158]. Additionally, it includes bad channel information, clinically identified seizure onset

channels, channels intersecting with the resection/ablation zone, and the surgical outcome,

as per the Engel Epilepsy Surgery Outcome Scale [159], for each subject.

Given the subjective nature of determining the actual SoZ channels, contingent upon

seizure freedom after resection or ablation, our analysis focused solely on patients achieving

seizure-free status (Engel Class I). Subsequently, the investigation is confined to seizure-free

subjects with complete electrode location data, resulting in a subset of 28 individuals from

the initial 58. Including detailed electrode location information is crucial for addressing

the high correlation between neighboring electrodes and SoZ electrode activity, necessitat-

ing precise considerations in algorithm development for distinguishing SoZ from non-SoZ
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electrodes. Finally, as data-driven methods are used to estimate EC, which requires a suf-

ficient sample size, we excluded recordings from a single subject whose iEEG was sampled

at 256 Hz. A summary of the iEEG recordings from these subjects, including details such

as iEEG type, number of channels, gender, and epilepsy type, is presented in Fig. 3.1.

Patient details, including epilepsy type, iEEG type, and SoZ location for all subjects from

the dataset, are included in Appendix A.1.

Figure 3.1: Summary of Demographics and iEEG Recording Characteristics for the 27

Subjects Analyzed in This Study.

To select the best time frame for constructing the classifier, features were extracted

from preictal, ictal, and interictal time windows. We then compared discriminability using

Welch’s two-sample test, assessing both the number of features with statistically significant

mean differences (p < 0.05) and the t-statistic value for measuring the magnitude of feature

distinctions between the groups. Analysis revealed that the 30-second window centered

around the seizure onset displayed a higher average t-value for the ten features of the two

classes – SoZ vs. non-SoZ (see A.2). Consequently, the graph model is derived from the

30-second interval centered around the onset of each ictal recording. The preprocessing

steps executed before generating the graphs include eliminating iEEG data from unreliable
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electrodes identified by the experts during data curation, employing a 6th-order notch filter

centered at 60 Hz to eliminate power noise, applying a 6th-order high-pass filter with a

passband greater than 0.25 Hz to eliminate drift, and conducting average referencing of

signals from reliable electrodes.

3.3 Methodology

Figure 3.2 offers an overview of the steps involved in the classification process at a high

level. Each of these steps is elucidated in detail within this section.

Figure 3.2: Methodology overview: Identifying SoZ from iEEG recordings through the

application of graph centrality measures for the classification of electrodes into SoZ or non-

SoZ types.

3.3.1 Effective Connectivity (EC) Measures

The iEEG recordings during seizure onset are converted from time-series to graph signals.

For this, three model-free brain EC measures are assessed. These three measures are

described below:

1. Directed information (DI): This is a measure rooted in information theory that

quantifies the impact of one process on inferring causality in another process [73].

With reference to [74], the DI from channel ’x’ to ’y’, denoted by I(XN → YN ) is

expressed mathematically as

Î(XN → YN ) = ĥ(YN )− ĥ(YN ||XN ) (3.1)

where ĥ(YN ) and ĥ(YN ||XN ), respectively, denote the differential entropy of YN

and the differential entropy of YN causally conditioned by XN [74]. Data-driven
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likelihood estimator adapted from [12] is used to obtain the differential entropy esti-

mates. The mathematical expressions are provided by the equations (3.2) and (3.3),

where Jyy and Kyx are the Markovian parameters that correspond to the number of

past samples of XN and YN that influence the present sample of YN , respectively.

ĥ(YN ) =
1

N

N∑
n=1

{−logP (yn)} (3.2)

ĥ(YN ||XN ) =
1

N

N∑
n=1

{−logP (yn|Yn−1
n−Jyy

,Xn
n−(Kyx−1))} (3.3)

2. Mutual information-guided Granger causality index (MI-GCI): This is a

data-driven causality index that uses mutual information (MI) to overcome the lim-

itations of GC, i.e., linearity and stationarity assumptions. In the context of GC,

MI assesses the predictability of one variable based on the past values of another

variable beyond what can be explained by the past values of the variable itself. The

GC index using MI is estimated by calculating the Kullback–Leibler (KL) divergence

[160] between the probability distributions p(Y) and p(Y|X) [161]. Note that the

two distributions are equal when XN and YN are independent. The KL divergence

is given by

FX→Y ≡ I(yi+1;X
i|Yi) = h(yi+1|Yi)− h(yi+1|XiYi) (3.4)

where I(; ) and h() represent mutual information and differential entropy, respectively.

The entropies are estimated using covariance-based approximations discussed in [161].

3. Frequency-domain convergent cross-mapping (FD-CCM): This is a novel

measure that infers causality in the frequency domain [162] (https://github.com/

parhi/Freq-domain-CCM), inspired by the time domain causality index of conver-

gent cross-mapping [163]. The motive behind this measure is that if a time-series

XN has a causal influence on the time-series YN , then XN will influence the fre-

quency dynamics of YN . Hence, it becomes feasible to determine the frequency

dynamics of XN from those of Y. This involves initially projecting the time-series

into a higher-dimensional space derived from the time-frequency mapping of the two

https://github.com/parhi/Freq-domain-CCM
https://github.com/parhi/Freq-domain-CCM
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series. Subsequently, the embedding of XN (MX) is estimated based on the embed-

dings of YN (MY ) using a straightforward projection estimate. The cross-mapping

score (CMS), represented by the absolute correlation coefficient between the origi-

nal signal XN and its reconstructed version from YN , serves as a metric for causal

coupling.

CMS = ρX̂|MY
= corr(XN , X̂N ) (3.5)

Here X̂N is the reconstructed version of XN obtained from the weighted estimates of

the projections from MY . A higher CMS signifies a strong correlation between the

reconstructed and original signals, indicating a strong causal effect of XN on YN .

Table 3.1 describes the underlying assumptions, crucial parameters, and the EC estimation

process for the three EC measures.

3.3.2 Extraction of Graph Centrality Features

Graph centrality refers to mathematical measures that assign each node in a network

a quantitative score based on its position and connectivity patterns within the broader

topology. These measures characterize the structural importance of nodes in facilitating

communication across the graph. Key local centrality metrics such as degree centrality

and eigenvector centrality reward connections to highly influential nodes. Global metrics

like betweenness centrality instead assess integral roles in mediating flows between distal

regions.

Brain graphs created from electrode connections based on electrical signal correlations

have been extensively studied to understand healthy cognition and neurological disorders.

Nodes with high centrality serve as critical points for information transfer or computational

hubs within brain systems. When centrality measures are applied to EC measures, they

can capture directional influences that shape brain-wide dynamics more accurately. In

epilepsy, changes in network communication patterns are thought to trigger transitions

into hypersynchronous ictal states. Analyzing centrality metrics in epileptogenic networks

could pinpoint regions impacted by altered functional roles and interactions.

Sparsifying a graph when extracting centrality measures provides practical benefits

such as computational efficiency, improved interpretability, noise reduction, and a focus on
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Table 3.1: Key Parameters and Steps Used in Estimating Different EC Measures

EC measure Assumptions, key parameters, and estimation method

DI

• The 30-sec iEEG recording is resampled to 100 Hz and is split

into 1-sec windows.

• The stationary assumption confirmed using the augmented

Dickey-Fuller (ADF) test [164] and the optimal lag/Markovian pa-

rameters are determined using average mutual information (AMI)

[165] to be Jyy = Kyx = 5 samples.

• The likelihood or probability density function is estimated using

Gaussian kernel function-based estimators.

MI-GCI

• The estimation of MI-GCI and suitable windows are adapted from

the Frites python toolbox [166, 167].

• The iEEG recording is resampled to 500 Hz to maintain uniformity

across the different subjects.

• The 30-second recording is divided into smaller windows of 1 sec

with a high overlap of 0.8 sec to avoid the effects of windowing.

• Using an optimal lag of 10 samples determined using AMI, the

MI-GCI value is estimated for each time window and is averaged

across the windows to obtain the mean MI-GCI estimate.

FD-CCM

• The 500 Hz resampled recording is split into 500 ms windows with

95% overlap, as suggested in [162].

• The higher-dimensional embedding process included partitioning

the signal into distinct frequency bands. We divided the signal

evenly in the logspace. This approach leads to more bands at lower

frequencies, where most spectral information is concentrated, and

fewer bands at higher frequencies, which contain more sparsely

distributed spectral information.

• The CMS is evaluated using the coefficient of determination (R2

value) averaged across the different time windows.
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key features, making the analysis more manageable and insightful. Hence, we examined

centrality measures across various sparsity levels, considering only the top k % of directed

edges. Ten different centrality measures are used as input features to the classifier. They

are extracted for the three graph types generated by the three EC measures, and their

predictive performance is compared across different sparsity levels. The ten centrality

features include indegree and outdegree (degree centrality), in-closeness and out-closeness

centrality [168], local clustering coefficient [169], local efficiency [170], betweenness cen-

trality [171], PageRank centrality [172], and hub and authority scores computed using the

HITS algorithm [173].

3.3.3 Classifier Model

The ten centrality values derived from an EC measure serve as input features for the

classifier. Given the low dimensionality, no additional dimensionality reduction techniques

are included. The group-level mean classifier performance is evaluated using a 10-fold

cross-validation scheme. Ensuring that each subject appears only once in a fold enhances

model generalization to diverse data and mitigates biases or information leakage specific

to individual subjects. Thus, the frequency of seizures of a subject does not influence the

identification of the SoZ. Even if one subject experiences more seizures, those data points

are exclusively used to train the model tested on another subject. Due to a significant

class imbalance, with approximately 11 times more data points for non-SoZ channels than

SoZ channels, the training data is oversampled using the synthetic minority oversampling

technique (SMOTE) [174] before model training.

By employing data-driven feature extraction guided by domain knowledge and focusing

on a limited set of pertinent features, it becomes feasible to leverage simple machine learning

models for classification instead of opting for deep neural networks. A range of techniques,

such as support vector machines (SVM), ensemble methods, multilayer perceptrons (MLP),

boosting strategies, and decision trees, are tested for classification. This approach provides

flexibility in model selection, catering to the specific characteristics of the problem while

still preserving interpretability.

The electrodes are classified into SoZ and non-SoZ based on expert-marked locations.
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However, it is essential to acknowledge that the electrical activity of electrodes neighbor-

ing SoZ can be highly correlated with the activity of SoZ electrodes. Therefore, additional

steps are required to address neighboring electrodes, and various methods can be employed.

For instance, in [76], the unsupervised algorithm’s success is defined by achieving at least a

50% overlap between algorithm-identified SoZ channels and the ground truth. Meanwhile,

in [175], a comparative analysis involves nullifying the activity of k nearest electrodes

neighboring the k SoZ electrodes. In this study, though the class labels for training rely

solely on expert identification, the loss computation is modified to avoid penalizing mis-

classifications of neighboring electrodes during training, i.e., the loss associated with the

neighboring electrodes is not included in the loss function. This involves calculating the

Euclidean distance between each pair of electrodes and identifying the k neighbors nearest

to SoZ, where k corresponds to the number of expert-identified SoZ electrodes for a specific

subject. An example showing the identified neighbors for one patient (HUP065) is shown

in Figure 3.3. The open-source Python packages sci-kit-learn [176] and sci-kit-optimize

[177] are used to build the classifiers and optimize the loss function.

Figure 3.3: Schematic of the cerebral cortex with grid electrode locations of the good

electrodes for the subject HUP065. The loss function of the classifier omits any misclas-

sification of the neighboring electrodes (in blue) closest to the SoZ electrodes (red). The

non-SoZ electrodes, further away from the SoZ electrodes, are marked in green.
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3.4 Results and Discussion

3.4.1 Statistical Analysis of Graph Centrality Measures

The predictability of a feature is defined by the notable variation in its value among dis-

tinct classes. Hence, we compared ten centrality measures derived from each EC measure

at different sparsities. The goal is to identify the optimal sparsity level capable of effec-

tively distinguishing between the two classes - SoZ and non-SoZ electrodes. This analysis

uses a two-means t-test with a significance level α set at 0.05. In a two-means t-test, the

t-value measures the difference between the means of two groups, considering the variabil-

ity within each group. Meanwhile, the p-value reflects the likelihood of observing such a

difference under the assumption that no genuine disparities exist between the groups. If

the p-value is below the designated significance level (0.05 in this case), the observed differ-

ence is statistically significant. A preference for a higher t-value arises in classification, as

it indicates greater differentiation between the groups. This becomes particularly crucial

for classification, as a more pronounced disparity facilitates the establishment of meaning-

ful boundaries. Higher t-values contribute to better discrimination, aiding in identifying

features or variables relevant for classification.

Figure 3.4 and Figure 3.5 provide an overview of the t-test outcomes for the three

measures across various sparsity levels. The sparsity level, spanning from 10% to 100%,

indicates the top k% of edges preserved from the initial fully connected graph rather than

the proportion of all edges present in the SoZ. Figure 3.4 emphasizes the count of central-

ity features among the ten extracted that exhibit a significant difference in mean values

between the two classes with statistical significance, considering different sparsity levels.

Figure 3.5, on the other hand, portrays the fluctuation in mean t-values for the statistically

significant features. As previously mentioned, the preference is for more discriminative fea-

tures with a higher average t-value. Hence, the sparsity that results in the highest product

of the mean t-value and the number of significant features is chosen as the optimal choice

for a given EC measure. Following this criterion, the optimal sparsity, measured by the %

of retained edges, is 10% for centrality measures derived from DI and FD-CCM and 90%

for MI-GCI.
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Figure 3.4: SoZ vs. non-SoZ electrodes: Number of statistically significant (α = 0.05) graph

centrality features extracted from the three EC measures for different levels of sparsity.

3.4.2 Classifier Results

The classification performance of graph centrality extracted from each of the three effective

connectivity (EC) measures is summarized in Table 3.2. Due to the unbalanced nature of

the data, in addition to overall accuracy, mean sensitivity, specificity, and AUC values

were computed for each case to understand class-level accuracy measures. Furthermore,

the table also includes information on the classifier model that yielded the best performance

and the sparsity level used for each EC measure while generating the centrality features. All

three EC measures demonstrated strong performance in the classification task, achieving

a mean accuracy exceeding 90%.

The centrality features derived from DI required a sparse graph model, retaining only

10% of the top edges. The applied multi-layer perceptron (MLP) model, comprising two

layers with ten neurons in the first layer and 20 neurons in the second layer and sigmoid

activation at the output layer, yielded a mean accuracy of 92.12%. This model exhibited a
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Figure 3.5: SoZ vs. non-SoZ electrodes: Mean t-value of statistically significant (α =

0.05) graph centrality features extracted from the three EC measures for different levels of

sparsity.

mean AUC value of 0.89, a sensitivity of 85.3% for the SoZ class, and a specificity of 92.8%

for the non-SoZ class. In contrast, the MI-GCI-based features necessitated a denser graph

model with 90% of the edges to achieve comparable performance. Employing a support

vector machine (SVM) classifier with radial basis function (RBF) kernels, this feature set

achieved the highest mean accuracy among the three EC measures, reaching 96.32%. The

superior accuracy was accompanied by a sensitivity of 89.74%, which is lower than that of

the FD-CCM-based model described below.

Like DI, the FD-CCM-based centrality measures required a sparse graph model with the

top 10% of the edges to attain competitive performance using a standard SVM classifier.

Notably, this feature set exhibited reduced bias in the trained model compared to the MI-

GCI-based model, with a mean sensitivity of 92.3%, specificity of 94.25%, and the highest

mean AUC value of 0.93.
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Table 3.2: SoZ vs. non-SoZ: Mean 10-fold cross-validation performance of graph centrality

features extracted from the three EC measures from 27 subjects. The mean performance

is measured by sensitivity (SS), specificity (SP), accuracy (ACC), and AUC. Additionally,

the F1-score and positive predicted value (PPV) are shown.

EC Sparsity Classifier SS(%) SP(%) ACC(%) PPV(%) F1 AUC

DI 10 %

2-layer

MLP (10

units +

20 units)

85.30 92.8 92.12 54.22 0.66 0.89

MI-

GCI
90 %

SVM

(RBF

kernel)

89.74 96.32 95.72 70.92 0.79 0.90

FD-

CCM
10 %

SVM

(RBF

kernel)

92.30 94.25 94.10 61.6 0.75 0.93

While all three EC measures demonstrated strong classification performance, each ex-

hibited unique characteristics. DI-based features, implemented in a sparse graph model

and an MLP architecture, yielded a balanced accuracy profile. MI-GCI features achieved

the highest mean accuracy, albeit with a trade-off in sensitivity. With a sparse graph

model, FD-CCM features demonstrated superior discrimination ability, boasting the high-

est mean AUC value. For this classification scheme, we prioritized higher sensitivity to

ensure the identification of all SoZ electrodes. However, this choice leads to increased false

positives (or lower positive predicted values (PPV)), especially in heavily imbalanced test

data, exacerbating the issue of false positives. These results emphasize the need to cus-

tomize connectivity measures and models for specific neuroscientific applications, carefully

balancing accuracy, sensitivity, and specificity.

3.4.3 Testing Pre-trained Models on Subjects with Seizure Recurrence

The classifier models, trained using recordings from 27 subjects, are evaluated on subjects

from the dataset who did not achieve seizure freedom post-surgery (Engel classes II, III,

and IV). Since most electrodes in a given recording are labeled as non-SoZ, the models are
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anticipated to exhibit higher specificity. To ascertain the actual agreement between SoZ

electrodes identified by epileptologists and those identified by the algorithm, the sensitivity

values (accuracy of SoZ classification) for the three EC measures are examined. It is

important to note that channel location data is unavailable for all subjects. Thus, we only

applied the relaxation of misclassification for neighboring electrodes to recordings with

channel location information. The sensitivity, i.e., the overlap percentage of algorithm-

identified SoZ with that identified by the experts, is depicted through a boxplot for the

three EC measures in figure 3.6. Here, each data point on the boxplot represents the

sensitivity of the model tested on a seizure episode.

Figure 3.6: Comparison of sensitivity for the three EC measures of models pre-trained on

recordings from the 27 Engel I subjects and tested on the 22 subjects with Engel II-IV

surgical outcomes. Additionally, the sensitivity of seizure episodes from the 27 Engel I

subjects is provided for comparison.

The figure illustrates that the median sensitivity ranges from 45% to 50% for the

three measures across subjects belonging to Engel classes II to IV. The lower percentages

indicate a weaker agreement between algorithm-identified and epileptologist-identified SoZ

electrodes. This observation reveals a correlation trend between a lower sensitivity and
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the absence of seizure freedom post-surgery. Figures 3.7 and 3.8 depict specific examples

of model prediction employing FD-CCM-based graphs for subjects HUP065 (Engel I) and

HUP075 (Engel IV), respectively, to aid in visualizing the results. Note that these two

figures do not show non-SoZ electrodes.

Figure 3.7: Schematic of the brain of subject HUP065 (Engel I) with electrode locations

showing the ground truth of SoZ identified by experts and the algorithm-identified SoZ.

Non-SoZ electrodes are not shown in this figure.

3.4.4 Feature Ranking

Performing feature ranking after classification is an indispensable step with multiple bene-

fits. It facilitates the identification of the most informative features, shedding light on the

key factors influencing the classification outcomes. Additionally, it enhances model inter-

pretability, enabling researchers to discern the variables driving the classification results.

This process also guides researchers in focusing on critical variables, optimizing resource

allocation, and refining data collection strategies for future studies.

The minimum redundancy maximum relevance (mRMR) technique is employed to rank

the ten input features for the three trained models. By assessing MI scores, the algorithm

prioritizes features that exhibit high relevance to the target variable while minimizing

redundancy among the selected set [178]. The superior ranking of features obtained through
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Figure 3.8: Schematic of the brain of subject HUP075 (Engel IV) with electrode locations

showing the ground truth of SoZ identified by experts and the algorithm-identified SoZ.

Electrodes on the inferior surface are spatially projected outward for visualization. Non-

SoZ electrodes are not shown in this figure.

mRMR enhances the performance of machine learning models [179].

Figure 3.9 displays the feature ranking based on mRMR. Notably, the importance scores

of FD-CCM measures stand out significantly compared to the other two EC measures. This

outcome aligns with expectations, considering the higher separability of features, as indi-

cated by the elevated t-values observed when comparing centrality measures between the

two classes. Across both MI-GCI and FD-CCM-based models, the consistently top-ranked

features include Authority, Betweenness Centrality (BC), and Out-Closeness, underlining

their pivotal roles in accurate classification. Intriguingly, the DI-based model relies more

heavily on features such as Indegree and Hubs for effective classification, illustrating nu-

anced preferences for specific centrality measures across different EC methods.

The discerning outcomes of the feature ranking underscore the nuanced significance of

centrality measures derived from diverse EC methods. With a specific emphasis on the

distinctive contributions of FD-CCM measures, our subsequent exploration delves into a

thorough examination of their feature characteristics. This entails a focused investigation
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Figure 3.9: Ranking of graph centrality features for 10% sparse DI graph, 90% sparse MI-

GCI graph, and 10% sparse FD-CCM graph.

into the discriminative power and potential variations within FD-CCM features, primarily

through analyzing the distribution of centrality measures across the two classes. Figure

3.10 portrays this distribution using boxplots representing different features of FD-CCM

measures. This thorough examination aims to clarify how specific centrality measures con-

tribute to the classification process and to pinpoint any unique patterns or characteristics

that may further refine our understanding of these measures in the context of effective

connectivity.

All ten centrality measures consistently demonstrated elevated values in the SoZ elec-

trodes compared to the non-SoZ electrodes, and this difference was found to be statistically

significant (p < 0.05). The heightened centrality values across these measures suggest that

the nodes corresponding to SoZ electrodes hold increased significance or influence within

the network. In the specific context of seizure onset, the nodes exhibiting heightened cen-

trality are pivotal in initiating or facilitating the spread of seizures. Consequently, the

algorithm rightfully identifies these nodes as SoZ electrodes, underlining their critical role

in the epileptic network dynamics.
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Figure 3.10: The distribution of the ten graph centrality measures extracted from the

FD-CCM-based graph at 10% sparsity. SoZ = 1 and SoZ = 0 correspond to the SoZ and

non-SoZ electrodes, respectively.

3.4.5 Performance Comparison with Previously Established Methods

The performance of EC-based graph centrality aligns with established state-of-the-art

methodologies in identifying SoZ [74, 94, 76, 180, 100, 103, 181], and particularly the FD-

CCM-based measure outperforms the prior literature. The primary impediment to direct

comparisons lies in the limited availability of public datasets. Additionally, the recording

stages of iEEG vary across different studies. Findings from the above-mentioned methods

suggest that ictal recordings offer superior performance in localizing SoZ. However, ensur-

ing electrode implantation and signal recording during seizures is only sometimes feasible.

This renders interictal recordings more advantageous as they capture data during the sub-

ject’s resting state. Furthermore, the inherently invasive nature of iEEG, requiring surgical

electrode implantation, prompts consideration of scalp EEG as an alternative. Nonetheless,
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scalp EEG tends to be noisier due to artifacts from muscle and eye movements, necessi-

tating a delicate balance between invasiveness for signal acquisition, the recording phase,

and modeling performance. Table 4.4 offers a comprehensive comparison of our work with

select prior literature. We note that the proposed approach achieves the best accuracy

and sensitivity among all prior approaches despite the heterogeneity of data and methods.

When evaluating performance, we encourage readers to take into account the trade-off

considerations highlighted earlier.

Table 3.3: Performance Comparison of FD-CCM-based Graph Centrality Measures with

Prior Work on Identifying SoZ.

Method

(year)
Dataset

Algorithm type and

description

Measure

of success

Performance

metric

Malladi

et al.[74]

(2016)

ECoG sampled at

1 kHz from the

study group of 5 pa-

tients during the ic-

tal stage.

Unsupervised: Nodes

with significant net out-

ward flow of information

(> 5%) extracted from

DI assigned as SoZ

electrodes

Identification

of elec-

trodes

assigned

as SoZ by

ground

truth (sen-

sitivity)

80% (success-

ful identifica-

tion in 4 out of

5 subjects).

Elahian

et al.[94]

(2017)

Study group of

10 subjects with

subdural ECoG

recorded at 1 kHz

during the preictal

and ictal stage.

Supervised: Logistic re-

gression classifier using

features extracted from

the phase-locking value

Accuracy

(Acc),

AUC, and

precision

Acc = 83%,

AUC = 0.69,

and precision

= 90%
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Method

(year)
Dataset

Algorithm type and

description

Measure

of success

Performance

metric

Murin

et al.[76]

(2018)

ECoG recorded

from 19 subjects

with Fs ranging

from 500 Hz to 5

kHz [77].

Unsupervised: The pair-

wise causal influence is

first estimated using DI

and GC methods. Then

a variant of the PageR-

ank algorithm followed

by post-processing scor-

ing is used for SoZ infer-

ence.

≥ 50%

overlap

with

ground

truth SoZ

electrodes

or its im-

mediate

neighbor

Success rate

= 89.5% with

0.03 false

positive rate

(FPR).

Quitadamo

et al. [180]

(2018)

SEEG/SEEG

+ ECoG iEEG

recorded from a

study group of 12

subjects at 2kHz

Unsupervised: SoZ is

identified by identify-

ing high-frequency oscil-

lations (HFOs), a well-

known biomarker of SoZ.

Mean SS

and SP

Mean SS =

70.93% and

mean SP =

93.12%

Varatharajah

et al. [100]

(2018)

2-hr long interictal

iEEG data recorded

at 32 kHz from the

study group of 82

subjects

Supervised: RBF-SVM

classifier with features

extracted from a combi-

nation of SoZ biomarkers

- rates of HFOs, IEDs,

and PAC

Acc, SS,

SP, and

AUC

Acc = 74.22%,

SS = 70.36%,

SP = 75.09%,

and AUC =

0.79

Craley et

al. [103]

(2022)

Preictal and ictal

stage scalp EEG

recorded from 34

subjects with focal

epilepsy

Weakly supervised:

End-to-end deep neural

network using multi-

resolution output for

automated feature learn-

ing at the electrode-level

and global-level.

Accuracy

Acc = 71.1% (

24.2±1.0 of 34

subjects)

Miao et

al.[181]

(2022)

1-hr interictal

ECoG data from 7

subjects recorded

at 2 kHz

Supervised: RBF-SVM

classifier with PAC fea-

tures quantified by mean

vector length modula-

tion index

AUC AUC = 0.915
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Method

(year)
Dataset

Algorithm type and

description

Measure

of success

Performance

metric

Proposed

method

ECoG and SEEG

recordings during

seizure onset from

27 subjects with Fs

ranging from 500

Hz to 1024 Hz

Supervised: RBF-SVM

classifier with graph

centrality measures

extracted from the

FD-CCM EC measure

Acc, SS,

SP, and

AUC

Acc =

94.1%, SS =

92.3%, SP =

94.25%, and

AUC = 0.93

3.5 Conclusion

This study demonstrates the effectiveness of graph centrality measures derived from model-

free EC measures for classifying brain regions as SoZ or non-SoZ. Among the three EC mea-

sures examined, FD-CCM exhibited superior classification performance, minimized bias in

the trained model, and revealed higher mean centrality measures of SoZ electrodes rela-

tive to non-SoZ electrodes during ictogenesis. Furthermore, the analysis of trained models

on non-seizure-free subjects revealed a significantly lower overlap between the algorithm-

identified SoZ with that identified by experts. These outcomes emphasize the importance

of delving into directional brain connectivity within the frequency domain for epilepsy

analysis using data-driven automated algorithms to address neurological disorders arising

from disruptions in brain network connectivity.

Nevertheless, it is crucial to acknowledge the limitations of this analysis. The study

is confined to a smaller cohort of 27 subjects, necessitating further validation on a larger

dataset to establish the statistical significance of the proposed model for seizure localiza-

tion. Additionally, the EC measures utilized in this study were derived from ictal iEEG

recordings. Given the challenge of consistently recording during seizures, further explo-

ration is warranted to extend these findings to feature extraction during the interictal

phase, providing insights into the normal brain function of epileptic patients when not

experiencing seizures.



Chapter 4

SoZ Identification from Interictal

Intracranial Electroencephalogram

4.1 Chapter Overview

The previous chapter established that supervised machine learning models, when combined

with topological graph features, can successfully identify the SoZ. That analysis compared

three different effective connectivity measures and identified that graph centrality features

derived from frequency-domain convergent cross-mapping (FD-CCM) were the most signif-

icant, achieving a mean AUC of 0.93 and outperforming prior literature.

However, that foundational analysis was performed on ictal data. For a localization tool

to be maximally effective and convenient for pre-surgical evaluation, it must be validated

on the more challenging and readily available interictal recordings, which represent the

brain’s baseline pathological state between seizures. This chapter, therefore, extends the

analysis of FD-CCM-derived graph centrality measures to the interictal phase.

Furthermore, we recognize that traditional SoZ biomarkers, such as interictal epilepti-

form discharges (IEDs), high-frequency oscillations (HFOs), relative band power (RBP),

coherence, and phase-amplitude coupling (PAC), often fail to fully capture the complex

network dynamics underlying seizure generation, but they still provide valuable and com-

plementary information.

Therefore, the objectives of this chapter are twofold. First, to analyze the effectiveness

44
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of our FD-CCM-derived graph centrality measures as a standalone biomarker in interictal

data. Second, to develop and validate a hybrid classifier model that integrates these graph-

based centrality features with the existing biomarkers from the literature (IED, HFO, RBP,

PAC, etc.).

The content of this chapter is adapted from [182]. The subsequent sections will demon-

strate that in the interictal state, SoZ regions exhibit significantly lower centrality values

compared to non-SoZ areas. We demonstrate that a combined approach, utilizing features

ranked by the Minimum Redundancy Maximum Relevance (mRMR) algorithm, achieves a

mean performance of 89% accuracy and 82% sensitivity. This result not only outperforms

individual feature sets but, most notably, demonstrates superior sensitivity compared to

all prior works using interictal recordings. These findings demonstrate the importance of

graph-based centrality measures in capturing interictal dynamics and highlight the value

of integrating diverse biomarkers for improved discriminability and generalizability.

4.2 Dataset Description

This interictal analysis utilizes the same primary dataset [157] detailed in Chapter 3. Fea-

ture extraction and classifier models were developed using five-minute interictal recordings.

All epochs selected for this study were confirmed to represent periods of awake brain ac-

tivity, as validated by a custom non-REM sleep detector applied to daytime recordings

[183].

A secondary dataset is used for validating the results. This publicly available dataset

[184] consists of de-identified interictal iEEG (SEEG) recordings collected by three centers -

The National Institute of Health (NIH), Johns Hopkins Hospital (JHH), and the University

of Miami, Florida, Jackson Memorial Hospital (UMF) [185, 186]. The collection of this

dataset was approved by the IRB at each clinical institution, with the recording experiments

performed in accordance with relevant guidelines and regulations, and all patients provided

informed consent prior to enrollment. 17 Engel-1 subjects were identified using the same

selection criteria as the primary dataset. The iEEG recordings for both datasets underwent

the same preprocessing steps described in Chapter 3.
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4.3 Methodology

4.3.1 SoZ biomarkers: Feature extraction

1. IED spikes (3 features): The detection of IEDs is performed using a validated al-

gorithm, following the methodology originally established by [187]. In this approach,

IEDs are identified based on three key electrophysiological criteria: a peak ampli-

tude exceeding a background-derived threshold, a characteristic sharp-wave compo-

nent with a duration of 30–200 ms, and a subsequent after-going slow wave lasting

100–500 ms. This method was later adapted by [183] for the specific dataset used in

this research. The publicly available detection code and pre-computed IED spike rate

feature from the supplementary materials of [183] were directly utilized. In addition

to the spike rate, the sharpness and peak amplitude of the IED events detected by

the threshold of four standard deviations are also computed and used as features.

2. Relative band power (RBP) features (6 features): They describe the relative

distribution of EEG signal power across standard frequency bands. The iEEG data

is divided into overlapping segments, and Welch’s method is applied with a window

length of 0.25 seconds, 50% overlap, and a minimum FFT size of 256 points. Power

spectral density (PSD) is calculated, and power is computed for six frequency bands:

δ (0.5–4 Hz), θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), γ (30–80 Hz), and high-

frequency activities (HFA) (¿80 Hz). Band-specific power is derived by integrating

the PSD over the respective frequency ranges. The band-specific power is divided

by the total power across all bands to provide a normalized representation of the

spectral characteristics of the EEG.

3. Statistical features of HFOs (3 features): HFO events are detected using the

validated MNI detector[188] implemented using the PyHFO package [189]. In this

method, a baseline of non-oscillatory activity is identified from 125-ms iEEG segments

using wavelet entropy. The energy threshold is then set adaptively: if more than 5

seconds of baseline per minute is available, the threshold is the 99.9999th percentile

of baseline energy; otherwise, it is set iteratively at the 95th percentile of the signal’s

energy. Finally, all detected events with a duration greater than 6 ms are selected

as HFOs. Given the resampled frequency of 512 Hz, only ripples (80–250 Hz) are
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analyzed, as per the Nyquist criterion. The extracted HFO features include the rate

of detected events (events per second), the mean amplitude of these events, and

the standard deviation of the amplitude, all calculated per channel. These features

provide detailed metrics on the occurrence and intensity of HFOs.

4. PAC measures (8 features): These quantify the relationship between the phase of

low-frequency oscillations and the amplitude of high-frequency oscillations. The EEG

data is bandpass filtered into low-frequency bands (δ, θ, α, and β) and high-frequency

bands (γ and HFA). The low-frequency phase and high-frequency amplitude are

extracted using the Hilbert transform. The high-frequency amplitudes are grouped

into eighteen phase bins based on the phase of the low-frequency signal. A phase-

amplitude distribution is then generated, and the modulation Index (MI) is computed

to quantify coupling strength. The MI is calculated based on the entropy of the

amplitude distribution across phase bins, which measures how strongly low-frequency

phases influence high-frequency amplitudes [190]. For a more robust PAC estimation,

a variable window length tailored to the specific low-frequency band providing the

phase is employed. This ensures that the window is sufficiently long to capture

multiple cycles of the modulating frequency, which is critical for a reliable phase

estimation. In this case, for PAC calculations where the phase-modulating frequency

was in the δ, θ, α, and β bands, window lengths of 5 seconds, 1 second, 500 ms, and

250 ms were used, respectively.

5. Coherence features (6 features): Measures functional connectivity between the

iEEG channels by analyzing frequency-domain relationships. Coherence is computed

for each pair of channels using cross-power spectral density, with parameters including

a variable window length (same as that used in PAC estimation), 50% overlap, and

an FFT size matched to the window length. The coherence values are calculated

for predefined frequency bands: δ, θ, α, β, γ, and HFA. For each channel, the 75th

percentile of coherence magnitudes across all its connections is extracted for each

frequency band, summarizing connectivity strength within that band, as suggested

in [183].

6. Graph-based centrality measures (10 features): FD-CCM is utilized for the
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graph construction method due to its superior performance compared to other data-

driven graph measures, as demonstrated in Chapter 3 [156]. Preprocessing includes

splitting iEEG recordings into 500 ms windows with 95% overlap, and the frequency

bands are evenly partitioned into 40 bands. The directed graphs generated using

FD-CCM enable detailed network analysis through ten centrality measures: degree

(indegree and outdegree), closeness (in-closeness and out-closeness), betweenness cen-

trality, clustering coefficient, local efficiency, PageRank, and hubs and authorities.

These measures capture key characteristics of brain networks, such as identifying

critical hubs for information flow, measuring efficiency, and detecting bottlenecks.

4.3.2 Classifier

The classifier employed in this study is a PyTorch-based multi-layer perceptron (MLP)

designed for binary classification tasks, focusing on SoZ identification. The architecture

consists of sequential linear layers, each followed by a ReLU activation function to introduce

non-linearity. The number of layers and their respective sizes are flexible, determined

through a grid search over predefined configurations: [(16, 8), (32, 16), (64, 32)]. These

configurations allow the model to adapt its capacity to the complexity of the task. The

final layer outputs probabilities for the two classes (SoZ and non-SoZ) used for binary

classification. Training hyperparameters, such as learning rate ([0.0001, 0.001, 0.01, 0.1]),

regularization strength (L2 penalty, [0.0001, 0.001]), and the maximum number of iterations

(1000), are also optimized through a grid search to ensure that the classifier is well-suited

for capturing the relevant patterns in the data.

Dynamic class weights are computed during training to address the inherent class im-

balance in SoZ localization. The class weights are inversely proportional to the number

of samples in each class. These weights mitigate the risk of bias. Labels are binarized for

simplicity: SoZ and its neighboring regions are labeled positive (1), while non-SoZ regions

are labeled negative (0). During performance evaluation, a spatial tolerance mask is ap-

plied over a target region that includes immediate neighbors of SoZs. The final sensitivity

score is calculated solely based on the successful localization of the ground truth SoZ. The

classification of a neighbor as non-SoZ is treated as a neutral event; it is neither penalized

nor does it factor into the sensitivity or false negative calculations, which are exclusively
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focused on detecting the ground truth SoZ itself. This step further refines the classifier’s

focus and improves its interpretability in the context of SoZ localization, making it more

applicable and reliable.

The classifier’s performance is evaluated using a 10-fold group cross-validation (CV)

scheme to ensure subject independence across folds. In this scheme, the dataset is split

into ten folds, each containing data from a unique set of subjects. This ensures that no

samples from the same subject appear in both the training and test sets during a single fold,

preventing data leakage and overfitting to subject-specific patterns. Each fold uses 90%

of the subjects for training and reserves the remaining 10% for testing, with all subjects

included in the test set precisely once over the ten iterations.

Similar to the ictal analysis in Chapter 3, the training process for each fold involves

the dynamic calculation of class weights and optimization of model parameters using the

grid search-defined hyperparameter space. Once trained, the model is evaluated on the

independent test fold, and key classification performance metrics are recorded. The cross-

validation process provides a robust estimate of the model’s performance by averaging the

metrics across all ten folds. The reported mean performance would lie within the limits of

the classifier’s capability to generalize unseen subjects. This is important in any clinical

application where models must be applied to completely new patients.

4.4 Results

4.4.1 Performance Comparison

The performance of features from different biomarker families for SoZ localization is eval-

uated using sensitivity, specificity, area under the ROC curve (AUC), and area under the

precision-recall curve (AU-PRC) metrics. Table 4.1 summarizes the results for univariate

biomarkers, bivariate biomarkers, and FDCCM graph-based centrality measures.

The performance of the univariate biomarkers (IEDs, RBP, and HFOs) was highly

dependent on the recording modality. For instance, HFOs analyzed on ECoG data yielded

the group’s highest sensitivity at 0.85±0.06, while IEDs on SEEG data achieved the highest

specificity at 0.85±0.05. The precision-recall performance for this group was more modest,

though HFOs on ECoG data still achieved the best lift of 3.25 ± 0.36 times the baseline.
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Table 4.1: Performance Evaluation of Individual SoZ Biomarker Features: Number of

features used in each biomarker set, sensitivity, specificity, accuracy, area under the ROC

curve (AUC), area under the precision-recall curve (AU-PRC), and the AU-PRC lift, which

measures how many times model performance exceeds the random baseline. All perfor-

mance metrics are reported as mean ± standard deviation.

SoZ

Biomarker

#

feats.
Modality SS (%) SP (%) ACC (%) AU-ROC AU-PRC

AU-PRC:

Lift over

baseline

IED spikes 3

SEEG

only
0.50± 0.08 0.85± 0.05 0.68± 0.04 0.70± 0.07 0.21± 0.02 2.53± 0.24

ECoG

only
0.62± 0.07 0.80± 0.06 0.72± 0.05 0.75± 0.06 0.26± 0.03 3.14± 0.36

Combined 0.56± 0.06 0.74± 0.07 0.73± 0.05 0.65± 0.06 0.20± 0.02 2.41± 0.24

RBP 6

SEEG

only
0.58± 0.06 0.82± 0.05 0.72± 0.04 0.68± 0.05 0.22± 0.02 2.65± 0.24

ECoG

only
0.68± 0.05 0.78± 0.04 0.77± 0.03 0.73± 0.05 0.27± 0.03 3.25± 0.36

Combined 0.63± 0.07 0.77± 0.06 0.76± 0.04 0.70± 0.06 0.24± 0.02 2.89± 0.24

Coherence 6

SEEG

only
0.55± 0.07 0.83± 0.06 0.75± 0.05 0.66± 0.06 0.21± 0.02 2.53± 0.24

ECoG

only
0.60± 0.06 0.79± 0.07 0.78± 0.04 0.72± 0.05 0.24± 0.02 2.89± 0.24

Combined 0.58± 0.06 0.80± 0.05 0.78± 0.05 0.69± 0.06 0.23± 0.02 2.77± 0.24

HFO 3

SEEG

only
0.70± 0.07 0.60± 0.06 0.65± 0.05 0.62± 0.06 0.19± 0.02 2.29± 0.24

ECoG

only
0.85± 0.06 0.75± 0.05 0.74± 0.05 0.70± 0.07 0.27± 0.03 3.25± 0.36

Combined 0.77± 0.07 0.68± 0.06 0.69± 0.05 0.66± 0.06 0.24± 0.02 2.89± 0.24

PAC (MI) 8

SEEG

only
0.70± 0.06 0.75± 0.07 0.75± 0.04 0.74± 0.05 0.26± 0.03 3.13± 0.36

ECoG

only
0.78± 0.05 0.85± 0.04 0.83± 0.03 0.84± 0.04 0.32± 0.04 3.86± 0.48

Combined 0.74± 0.06 0.80± 0.05 0.80± 0.04 0.79± 0.05 0.29± 0.03 3.49± 0.36

FD-CCM-
based graph 10

SEEG

only
0.75± 0.06 0.80± 0.07 0.81± 0.04 0.78± 0.05 0.29± 0.03 3.49± 0.36

ECoG

only
0.83± 0.04 0.86± 0.03 0.85± 0.03 0.84± 0.04 0.34± 0.04 4.10± 0.48

Combined 0.79± 0.05 0.83± 0.04 0.83± 0.04 0.81± 0.05 0.30± 0.03 3.61± 0.36
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For the bivariate biomarkers, PAC demonstrated strong potential, achieving the highest

AU-ROC of any single biomarker (0.84 ± 0.04) when applied to ECoG recordings. This

strong performance was mirrored in its AU-PRC, which reached a peak lift of 3.86± 0.48

times the baseline, also on ECoG data. In contrast, the performance of coherence-based

features showed comparatively lower performance.

The graph-based centrality measures derived from FD-CCM consistently provided the

most robust and balanced results. When modalities were combined, the FD-CCM graph

provided a strong balance of metrics, including an AU-ROC of 0.81 ± 0.05 and an AU-

PRC lift of 3.61 ± 0.36. The approach was particularly effective on ECoG data, where it

produced the study’s highest specificity (0.86±0.03), accuracy (0.85±0.03), and AU-PRC

lift (4.10± 0.48 times the baseline).

4.4.2 Feature Ranking using mRMR

The mRMR (minimum Redundancy Maximum Relevance) algorithm [178] is employed to

evaluate the contribution of different biomarkers to SoZ identification. The mRMR scores

are aggregated across ten cross-validation folds to ensure robustness and generalizability.

The scores, normalized to a scale of 0 to 1, highlight the relative importance of each feature

in distinguishing the SoZ.

The mRMR ranking, as depicted in Fig. 4.1, underscores the dominance of graph-based

features in the rankings. Indegree, in particular, emerged as the most important feature

among all those tested. Other graph-based hubs, clusters, and BC features also ranked

highly, highlighting the crucial role of network-level metrics in our study. The RBP metrics

of alpha, HFA, and gamma bands stood out among other non-network features, playing

a significant role in localizing SoZ. The PAC MI values of alpha-HFA, delta-gamma, and

delta-HFA consistently ranked high. The RBP of HFA appeared to be more informative in

classification than statistical or distribution-based features of HFOs. A closer examination

of the rankings reveals that advanced biomarkers consistently outperform simpler ones. In

total, 15 of the top 25 features (60%) originated from either the FD-CCM (8 features)

or PAC (7 features) families. This pattern is particularly clear in the top 10, which is

composed of 4 features from FD-CCM and 4 features from PAC.

It is important to interpret these rankings in the context of the mRMR algorithm.



52

Figure 4.1: Feature ranking for the combined approach: Normalized mRMR Scores of

Features (0–1 Scale) Aggregated Across 10 Cross-Validation Folds.

The method ranks features that have the strongest correlation with the clinical outcome

(maximum relevance) but simultaneously penalizes features that are highly correlated with

already selected, higher-ranking ones (minimum redundancy). Thus, some biomarkers that

show good discriminability on their own might be ranked lower or omitted if their predictive

information is already captured by a more prominent, less redundant feature.

4.4.3 Classification Using Combined Biomarker Features

Features are added sequentially based on their mRMR rankings to assess the combined

performance. The performance metrics (AUC, sensitivity, specificity, and accuracy) are

evaluated for each incremental addition. Figure 4.2 illustrates the performance progression

as features are incrementally added based on their mRMR ranking for the data using

both SEEG and ECoG modalities. The results demonstrated a steady improvement in

performance as more features were incorporated, with all metrics continuing to increase

up to the inclusion of 19 features. Beyond this point, performance plateaued, indicating

redundancy in additional features without improving SoZ localization.



53

Figure 4.2: Progression of mean performance (AUC, accuracy, sensitivity, and specificity)

with the incremental addition of features ranked by the mRMR algorithm.

Table 4.2 summarizes the performance of the hybrid model using the optimal subset of

19 features, trained exclusively on Engel I subjects. The model demonstrated higher and

stable performance during cross-validation. When tested on held-out Engel I patients, the

combined modality achieved a sensitivity of 0.83±0.04, accuracy of 0.89±0.04, and an AU-

ROC of 0.86±0.06. The performance was robust on ECoG recordings, which yielded the

highest AU-ROC (0.87±0.06) and AU-PRC Lift (5.90±0.42). As expected, when this pre-

trained model was applied to patients with seizure recurrence (Engel II-IV), its performance

was reduced and more variable. For the combined modality in this group, the AU-ROC

dropped to 0.71±0.14, with a corresponding lift of 3.98±0.58, highlighting the challenge of

generalizing from good-outcome to poor-outcome patient data.

4.4.4 Statistical Significance

Fig. 4.3 depicts the absolute t-statistic plot that provides insights into the discriminative

power of features extracted from various biomarkers for differentiating SoZ and non-SoZ

regions. Higher t-values indicate excellent statistical separability between the two classes,

making these features more relevant for SoZ classification. Some of the key observations
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Table 4.2: Performance (mean ± standard deviation) of the hybrid model, which was

trained exclusively on Engel I subjects

Patient

Outcome
Modality SS (%) SP (%) Acc (%) AU-ROC AU-PRC

AU-PRC

Lift (×-
Baseline)

Engel I

SEEG

only
0.77± 0.06 0.86± 0.05 0.85± 0.05 0.80± 0.07 0.41± 0.08 4.94± 0.36

ECoG

only
0.85± 0.05 0.93± 0.03 0.92± 0.04 0.87± 0.06 0.49± 0.07 5.90± 0.42

Combined 0.83± 0.04 0.90± 0.02 0.89± 0.04 0.86± 0.06 0.48± 0.07 5.78± 0.23

Engel II-IV

SEEG

only
0.69± 0.15 0.86± 0.10 0.85± 0.15 0.64± 0.13 0.22± 0.10 2.65± 0.95

ECoG

only
0.72± 0.14 0.86± 0.08 0.85± 0.15 0.79± 0.12 0.34± 0.12 4.10± 0.76

Combined 0.72± 0.16 0.88± 0.09 0.87± 0.17 0.71± 0.14 0.33± 0.09 3.98± 0.58

Note: The table presents two distinct evaluations: the top rows show the aggregated cross-

validation performance on held-out Engel I patients, while the bottom rows show the generalization

performance of the pre-trained model when applied to patients with seizure recurrence (Engel II-

IV).

are discussed below. These results emphasize the statistical significance of advanced fea-

tures such as PAC and graph centralities, which provide more excellent separability than

traditional univariate metrics.

1. High-amplitude HFOs at SoZ : The mean amplitude of ripples and fast ripples shows

higher values in SoZ regions with moderate t-values (∼ 3–4). These features demon-

strate localized activity differences, contributing to moderate separability between

SoZ and non-SoZ regions.

2. Low β and γ power at SoZ : PSD features in the β and γ bands are consistently lower

in SoZ regions compared to non-SoZ regions, with moderate t-values (∼ 3–4).

3. Elevated PAC measures at SoZ : PAC features, particularly the coupling of high-

frequency amplitudes with the phase of δ, θ, and α bands, exhibit higher values in

SoZ regions, with strong statistical significance (t-values ∼ 3-7). These measures are



55

Figure 4.3: Absolute t-statistic plot showing the statistical separability of features between

SoZ and non-SoZ regions. Blue bars indicate features with higher mean values in SoZ,

while orange bars indicate features elevated in non-SoZ. The dashed line represents the

statistical significance threshold (p = 0.05).

especially significant in the γ band, highlighting disrupted cross-frequency coupling

in epileptogenic regions.

4. Lower graph centrality measures at SoZ : Graph-based features, such as indegree,

clustering coefficient, and LE, show significantly lower values in SoZ regions, reflecting

reduced importance during the interictal phase. These features achieve the highest

t-values (∼ 6–9) among all feature sets, demonstrating strong statistical separability

and superior discriminative potential.

5. Coherence and IED features with lower t-values and poor discriminability : Coherence

and IED-related features exhibit t-values below the threshold for significance (t¡2).

These features show limited to poor separability and lower discriminative power com-

pared to other feature sets.
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6. Increase in t-value as we progress from univariate features (HFOs, IEDs, RBP) to

bivariate PAC and multivariate graph centralities: The progression from univariate to

multivariate features demonstrates increasing t-values and improved discriminability.

4.4.5 Exploring Generalizability and Benchmarking Against Existing Stud-

ies

To assess the generalizability of the proposed methods, we validated the results using a

second independent dataset. This dataset serves as a benchmark for evaluating how well the

features and models trained on one dataset perform when applied to entirely different data,

ensuring that the methodology is not overfit to the characteristics of the primary dataset.

Table 4.3 summarizes the performance of the 19 features identified earlier in classifying SoZ

vs. non-SoZ electrodes. The evaluation includes both internal (within-dataset) and cross-

dataset training and testing to assess the generalizability and robustness of the models.

Table 4.3: Mean performance metrics for SoZ vs. non-SoZ classification. The first two

cases report mean performance from 10-fold cross-validation within primary and secondary

datasets, respectively. For the third and fourth cases, one dataset is used entirely for

training and the other for testing to evaluate cross-dataset generalizability.

Train data Test data SS SP AU-ROC AU-PRC ACC

Primary Primary 0.83 0.90 0.86 0.48 0.89

Secondary Secondary 0.80 0.88 0.82 0.45 0.86

Secondary Primary 0.76 0.83 0.78 0.39 0.81

Primary Secondary 0.79 0.85 0.80 0.41 0.84
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Table 4.4: Performance Comparison of the Proposed Method with Prior Works on Machine

Learning Algorithms for Identifying SoZ from Interictal iEEG Recordings. Studies utilizing

ictal recordings or stimulated seizures are excluded from the comparison.

Method Dataset description Algorithm description Performance

Marsh et

al. [191]

(2010)

30-min iEEG sampled

at 200 Hz from 19 chil-

dren with intractable

epilepsy

Spikes in iEEG are identi-

fied by two automated de-

tectors through the anal-

ysis of amplitude, dura-

tion, and waveform fea-

tures, with thresholds and

filters.

Electrodes with the

highest mean spike

frequency were

within the SoZ in

11 of 19 patients

(SS = 57.9%)

Geertsema

et al. [192]

(2015)

5-min 65-channel

iEEG recorded at 1

kHz from nine individ-

uals with intractable

TLE at slow-wave

sleep

Autoregressive model

residual variation (ARR)

features estimated by

calculating the coefficient

of variation of the r-values

obtained through AR

modeling.

AUC = 0.82

Varatharajah

et al. [100]

(2018)

2-hr long interictal

iEEG recorded at 32

kHz from the study

group of 82 subjects

RBF-SVM classifier with

features extracted from

a combination of SoZ

biomarkers - rates of

HFOs, IEDs, and PAC

Acc = 74.22%, SS

= 70.36%, SP =

75.09%, and AUC

= 0.79
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Method Dataset description Algorithm description Performance

Jiang et

al. [193]

(2022)

10-min SEEG from

27 subjects with focal

epilepsy at 2 kHz or 1

kHz sampling rate

Random forest classifier

with the mean within-

frequency inward informa-

tion flow features at each

electrode estimated using

DTF

Acc = 88%, Pre-

cision = 95%, Re-

call (SS): 76%, and

AUC = 0.94

Bernabei

et al. [183]

(2022)

60-sec interictal iEEG

from 166 DRE pa-

tients recorded from

multiple centers at 512

Hz or 1024 Hz

Random forest classifier us-

ing a combination of power

spectral density and coher-

ence features of different

frequency bands

AUC = 0.77

Miao et

al.[181]

(2023)

1-hr interictal ECoG

data from 7 subjects

recorded at 2 kHz

RBF-SVM classifier with

PAC features of mean vec-

tor length modulation in-

dex

AUC = 0.774 ±
0.187

Rekola et

al. [194]

(2024)

12-hr long interictal

SEEG from 63 sub-

jects recorded at 512

Hz or 2048 Hz

Logistic regression clas-

sifier using features from

interictal spike activity

score, presence/absence

of gamma activity, and

focal background slowing

activities

AUC = 0.79

Proposed

method

5-min iEEG record-

ings from 27 subjects

with Fs ranging from

500 Hz to 1024 Hz

MLP classifier with top-

ranked features extracted

from different biomarkers -

FD-CCM-based graph cen-

trality, HFO, PAC, RBP,

IED, and coherence

Acc = 89%, SS =

83%, SP = 90%,

and AUC = 0.86
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To contextualize the proposed method’s results, we benchmark our findings against

prior studies that have evaluated SoZ localization using interictal iEEG/EEG. These stud-

ies provide a comparative baseline to evaluate the relative effectiveness of our approach

across various metrics. Table 4.4 summarizes the outcomes of these studies alongside our

results, emphasizing key differences in methodologies, feature sets, and datasets. The pro-

posed method surpassed most prior works across nearly all metrics. Although one method

achieved a higher AUC [193], it exhibited lower sensitivity in identifying SoZ and matched

the accuracy of the proposed method.

Discussion

Key findings

The study emphasizes the importance of network-level features in capturing the connec-

tivity dynamics of the epileptic brain. Although univariate biomarkers such as IED spikes,

HFO rate, and RBP are well-established indicators of epileptogenic activity, their stan-

dalone performance is limited, with moderate to low t-values. Their limitedness in depict-

ing the complexity of epileptogenic activity emphasizes the exploration of other effective

biomarkers through further research. The bivariate characteristics of PAC considerably im-

proved and manifested changes in cross-frequency coupling characteristics of epileptogenic

regions. The FD-CCM-based graph centrality measures (e.g., Indegree, LE, and Clustering

Coefficient) exhibited the highest t-values, providing robust separation between SoZ and

non-SoZ regions, and outperforming features extracted from other biomarkers with a mean

classification AUC of 0.8.

This study also highlights the importance of integrating diverse feature sets to improve

SoZ identification. The combined approach achieved superior performance by leveraging

features from different biomarkers, with a mean AUC of 0.86, mean sensitivity of 83%,

specificity of 90%, and accuracy of 89%. This integration outperformed models relying

on individual feature sets, including the top-ranked graph-based feature (Indegree) and

PAC feature (PAC Alpha-Gamma). The combined feature set surpassed existing methods

in sensitivity, outperforming the previous state-of-the-art by 5%. While one prior work

achieved a higher AUC [193] than the proposed method, it did so at the cost of reduced
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sensitivity despite matching the proposed method’s accuracy. Furthermore, the combined

feature outperformed a comparable approach that integrated biomarkers [100], increas-

ing accuracy and specificity by about 14% each, sensitivity by over 10%, and AUC by

0.06. These results suggest that combining network-level connectivity measures with local

signal dynamics provides complementary insights and significantly enhances the model’s

capability to identify SoZs accurately. Finally, the proposed method demonstrates gener-

alizability through its strong performance across two independent datasets, as evidenced

by both internal and cross-dataset evaluations of accuracy, sensitivity, and specificity.

Graph centralities as a potential biomarker for SoZ and seizure progres-

sion

Our analysis of the interictal state revealed that multiple FD-CCM-based graph centralities

exhibited significantly lower values in seizure onset zone (SoZ) regions when compared

to non-SoZ regions. This finding points to a state of diminished network influence or

’quiescence’ from these epileptogenic regions between seizures. Interestingly, the previous

chapter has shown that the same graph centrality measures are elevated in SoZ regions

during ictal periods [156], exhibiting an increased connectivity and hyper-synchronization

during seizures. This dynamic behavior of interictal quiescence followed by ictal activation

suggests that these metrics could be a potential biomarker for studying seizure progression

in the future. By tracking the temporal evolution of these centrality metrics over more

extended periods, it may be possible to monitor how the epileptic network reorganizes and

evolves, offering insights into the progression from interictal to ictal phase.

It is important to note that there are different ways to generate brain graphs, including

undirected measures of functional connectivity and directed measures of effective connec-

tivity. Even within effective connectivity, various methods exist that operate in either the

time or frequency domain. This study uses FD-CCM-based graphs to capture the causal

interactions between brain regions in the frequency domain. Thus, the resulting centrality

measures should be interpreted within this context as indicators of a region’s influence and

importance in frequency-specific neural communication.
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Limitations and Future Directions

This study employed specific preprocessing steps that may limit the generalizability of

the results. Specifically, our choice of referencing for SEEG data, as discussed earlier,

presents a limitation. This necessary difference in referencing may have also contributed

to the performance disparities observed between the two modalities. Future studies could

validate these findings on SEEG datasets where a complete electrode mapping is available,

allowing for a direct comparison of referencing schemes.

While care was taken to use detection methods that minimize false positives, such as

by selecting HFO algorithms that are robust to artifacts arising from sharp transients like

IEDs, each of the baseline biomarker extraction processes could be further refined. For

example, the HFO analysis could be enhanced by considering isolated HFOs separately

from IED-coupled HFOs, as the former are thought to be a more specific marker of epilep-

togenic tissue. Similarly, IED detection could be improved with more advanced algorithms,

and bivariate measures like PAC and coherence could be fine-tuned by exploring a wider

range of frequency pairings. Since the primary focus of this paper was to introduce the

FD-CCM graph as a potential biomarker for SoZ identification from interictal recordings

and demonstrate the complementary nature of other features, fine-tuning these individual

biomarkers presents a clear opportunity for future research to improve the hybrid model’s

overall performance.

Though the feasibility of transfer learning is established, the smaller subject sizes of the

datasets (27 and 17, respectively) and the lower cross-dataset performance compared to

internal validation metrics highlight the need for additional datasets and external validation

with larger, more diverse patient populations to confirm the approach’s broader clinical

applicability and statistical significance. The current model was trained exclusively on

patients with good surgical outcomes (Engel I). As expected, when this model was applied

to patients with seizure recurrence (Engel Class II-IV), its performance showed a lower

mean and greater variability. This finding highlights the challenge of real-world clinical

application, where patient outcomes are not known a priori. Therefore, the most critical

future step is to move from this retrospective analysis to a forward-looking evaluation.

A prospective study is the gold standard for proving clinical utility. This would involve

applying the model to a new cohort of unevaluated pre-surgical candidates to test its utility
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as a diagnostic aid alongside the current standard of care.

Future research can extend beyond clinical validation to enhance the model’s funda-

mental capabilities, such as incorporating space-based connectivity, addressing the com-

putational complexity of the advanced features, and focusing on developing optimized

algorithms and exploring hardware acceleration to create lightweight frameworks. This

would improve scalability and pave the way for real-time clinical applications.



Chapter 5

Patient-Specific Long-Term

Seizure Prediction via

Multi-Model Classification

5.1 Chapter Overview

The first part of this dissertation (Chapters 3 and 4) successfully developed and validated

a generalizable, network-based framework for localizing the SoZs. Having addressed the

critical spatial challenge of ”where” seizures originate, this second part of the thesis pivots

to the temporal challenge of ”when” they will occur. As established in Chapter 1, reliable,

long-term seizure prediction remains a crucial unmet need for patients with DRE, with the

potential to enable advisory systems and closed-loop therapeutic devices.

As outlined in the literature review in Chapter 2, a primary hurdle that has long plagued

the field of seizure prediction is the failure of most existing approaches to account for intra-

subject variability. Most prediction models rely on cohort-based data or, if patient-specific,

assume a single, monolithic model suffices for all of a patient’s seizures. This overlooks the

clinical and electrophysiological reality that a single individual can have multiple seizure

types, each with its own distinct preictal pattern. This failure to model intra-subject

heterogeneity is a key reason for the high false-positive and false-negative rates seen in

prior work.

63
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This chapter aims to overcome these limitations by introducing a subject-specific

seizure prediction framework that explicitly models this intra-subject hetero-

geneity. The objective is to identify and cluster seizure-specific preictal patterns from

long-term (one to two weeks) iEEG recordings. To achieve this, we first extract absolute,

relative, and ratio power spectral density (PSD) features from twelve frequency bands.

We then apply the Minimum Uncertainty and Sample Elimination (MUSE) algorithm for

unsupervised feature selection to form seizure-specific feature sets. Based on the similarity

of these features, seizures are grouped into distinct clusters, and a separate classifier is

trained for each identified cluster. The final predictions from this ensemble of models are

then combined using a grid-optimized k-of-N voting strategy to enhance reliability.

The content of this chapter is adapted from [195]. The following sections will demon-

strate the power of this multi-model approach. When evaluated on long-term recordings

from ten patients, the clustering framework is shown to significantly improve mean sensi-

tivity from 89.17% to 98.54% while simultaneously reducing the mean false positive rate

from 1.15 to 0.62 per day. These findings highlight the critical value of modeling seizure

diversity within individuals and support the development of more personalized and inter-

pretable seizure forecasting systems.

5.2 Materials and Methods

5.2.1 Data Description and Preprocessing

This study retrospectively analyzes long-term iEEG recordings collected over one to two

week duration from ten patients with medically refractory epilepsy who underwent presur-

gical monitoring at the University of Minnesota Epilepsy Clinic. Data acquisition was

approved by the University of Minnesota Institutional Review Board (Study Number:

1106M01362, PI: Henry, Approval Date: April 2014). The study was conducted in accor-

dance with the Declaration of Helsinki, and all subjects provided informed written consent

prior to participation.

For each subject, multiple 24-hour sessions were recorded continuously at a 2 kHz

sampling rate over one to two weeks. A total of 87 days (2088 hours) of iEEG with

80 seizures was recorded across the ten subjects, where the number of seizures for each
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subject varied from 3 to 17 (mean: 8.0, median: 6.5, standard deviation: 3.69). Given the

unpredictable and sparse nature of seizure occurrence, some sessions contained multiple

seizures, while others contained none. Seizure episodes were manually annotated by clinical

experts using visual analysis, with metadata including onset and offset times, seizure types,

and electrodes involved in seizure onset and early propagation. These clinically validated

annotations served as ground truth for algorithm development and performance evaluation.

Table 5.1 provides a comprehensive summary of clinical and recording characteristics

for ten patients with drug-resistant focal epilepsy who underwent invasive EEG at the

University of Minnesota Epilepsy Clinic for presurgical evaluation. For each subject, it

includes age, gender, days of recording, electrode coverage across SoZ and early propaga-

tion (EP) regions, clinical syndrome, etiology, surgical intervention, and Engel outcome

classification. The Engel outcome scale is a standardized classification used to evaluate

seizure outcomes following epilepsy surgery [196].

To focus the analysis on relevant neural activity, features are extracted only from a

subset of electrodes corresponding to seizure-onset and early-propagation electrodes, as

determined by the neurologists. This expert-driven selection reduced the number of ana-

lyzed iEEG channels from approximately 150 to a more targeted set of 9–20 per patient,

thereby limiting the potential for confounding events from irrelevant brain regions. While

this approach leverages clinical expertise, other automated methods for channel selection

exist, such as those based on mutual information or feature ranking. Notably, recent re-

search in the related field of seizure detection has shown that reduced EEG montages,

whether expert-driven or algorithmic, can maintain high performance with as few as 3–21

electrodes, supporting the viability of a targeted channel selection strategy [197, 198].

Signal preprocessing included two stages of second-order IIR Butterworth filters: a

notch filter centered at 60 Hz with a ±1 Hz bandwidth to attenuate power line noise and

its harmonics (e.g., 120 Hz, 180 Hz, etc.), and a high-pass filter with a cutoff frequency of

0.25 Hz to remove baseline drift and low-frequency artifacts.
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Table 5.1: Subject Demographics and Clinical Characteristics

SID Age Sex
#

Szs

Days

rec.

Days

w/

Sz

# SoZ

+ EP

Elec.

Seizure

Types

Clinical

Syn-

drome

Etiological

Factors

Surgical Treat-

ment

Engel

Out-

come

20 21 F 6 7 2 9 6 CPS mTLE

Right hip-

pocampal

sclerosis

Right ante-

rior temporal

lobectomy

I.A at 2

years

21 29 M 7 13 5 11

6 CPS

and 1

CPS-GTC

mTLE Severe TBI

Right superior

temporal gyrus

resection

I.C at 6

years

22 53 M 6 19 5 20

2 CPS, 2

SPS, and 2

CPS-GTC

mTLE

Subtle bi-

lateral hip-

pocampal

alteration

Right ante-

rior temporal

lobectomy

I.A at 1

year

24 47 M 6 9 3 10

4 CPS

and 2

CPS-GTC

mTLE Severe TBI

Right ante-

rior temporal

lobectomy

II.C at 3

years

25 52 M 17 9 6 16

9 CPS, 6

SPS and 2

CPS-GTC

mTLE (un-

clear later-

alization)

None

Responsive

Neuro-

stimulation

III.A at

5 years

26 49 M 10 13 4 19

8 CPS

and 2

CPS-GTC

mTLE

Right hip-

pocampal

sclerosis

Electrode sites

resected (RAT/

RMT/ RPT)

III.A at

6 months

27 27 F 11 8 3 14 11 CPS mTLE

Auto im-

mune limbic

encephalitis

Responsive

Neuro-

stimulation

III.A at

5 years

28 35 F 8 8 6 12

5 CPS

and 3

CPS-GTC

Neo corti-

cal TLE
None

Left temporal-

hippocampal

resection

III.A at

1 year

29 29 M 3 7 2 12
3 CPS-

GTC
mTLE

Right hip-

pocampus

smaller than

left

Resection of

right amygdalo-

hippocampus

and temporal

cortex

I.C at 4

years

32 34 F 6 8 4 18 6 CPS mTLE None

Right ante-

rior temporal

lobectomy

II.A at 4

years
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5.2.2 Data Split Protocol

Each subject’s dataset consisted of multiple 24-hour sessions, though not all sessions con-

tained epileptic activity. For most subjects, the majority of sessions were non-seizure days.

To ensure robust model evaluation, the data split is constructed to include representative

samples from both seizure (positive) and non-seizure (negative) classes. If the test set

lacked any seizure activity, sensitivity could not be computed; hence, it is ensured that

each test fold included at least one session with recorded seizures.

A subject-specific k-fold cross-validation protocol is implemented, where k equals the

number of sessions containing at least one seizure (denoted as NSZ). Here, k = NSZ. Let

N be the total number of sessions for a given subject:

N = NSZ +NNSZ,

whereNNSZ is the number of sessions without seizures. The remainingNNSZ non-seizure

sessions are then partitioned across the k folds as evenly as possible, with some folds

potentially receiving one more non-seizure session than others. In each cross-validation

fold, one subset consisting of a seizure session and associated non-seizure sessions is held

out as the test set, and the remaining k− 1 folds are used for model creation and training.

Performance metrics are computed per fold, and the overall mean (and standard devia-

tion) across folds is reported. Each fold consists of a held-out 24-hour session with at least

one seizure and may also include multiple interictal-only sessions. The evaluation metrics

include sensitivity, which is defined as the percentage of seizures in the test fold correctly

predicted, and FPR, which is defined as the number of incorrect preictal alarms per 24

hours. Sensitivity varies depending on the number of seizures in the test fold. For in-

stance, in a fold with only one seizure, a missed detection results in 0% sensitivity, whereas

in a fold with four seizures, missing one yields a sensitivity of 75%. While this introduces

variability in penalizing missed seizures, it reflects real-world usage scenarios where predic-

tions are evaluated over entire recording sessions rather than isolating individual seizures

for cross-validation.
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5.2.3 Feature Extraction

In this work, power spectral density (PSD)-based features are utilized, as they are com-

monly employed in epileptic classification tasks [96, 97, 199, 133, 200]. The analysis is

restricted to PSD-based features to isolate the effect of clustering on model performance,

intentionally avoiding multimodal or temporally dynamic features. This design choice en-

ables a controlled proof-of-concept evaluation, with future work aimed at extending the

framework to richer, time-aware, and connectivity-based feature spaces. Twelve frequency

bands are considered for feature extraction: θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), γ1

(30–55 Hz), γ2 (55–80 Hz), γ3 (80–105 Hz), γ4 (105–130 Hz), γ5 (130–150 Hz), γ6 (150–170

Hz), γ7 (170–200 Hz), γ8 (200–250 Hz), and γ9 (250–300 Hz).

The gamma band is subdivided into multiple sub-bands to enhance sensitivity to di-

verse and localized high-frequency oscillations, such as ripples and fast ripples, which are

strongly associated with seizure onset [200]. This finer spectral resolution is used to im-

prove discriminability for machine learning models, capture subject-specific biomarkers,

and align with neurophysiological evidence suggesting that distinct gamma sub-ranges re-

flect different pathological processes.

The following PSD features are extracted from each selected electrode (seizure onset

zones or early propagation regions) using a sliding 4-second window with 50% overlap:

• Absolute spectral power in each of the twelve frequency bands, computed using Welch’s

overlapped segment averaging estimator (12 features per electrode)

• Relative spectral power for each of the twelve frequency bands (12 features per electrode)

• Ratio of spectral powers for each unique pair of frequency bands (
(
12
2

)
= 66 features per

electrode)

Ratio features are included in addition to absolute and relative spectral power fea-

tures because they have been shown to cancel variance changes in white noise under non-

stationary (time-varying statistics), high SNR conditions [201, 202, 203, 204].

5.2.4 Quick Introduction to MUSE feature selection algorithm

Minimum Uncertainty and Sample Elimination (MUSE) is a novel iterative feature se-

lection framework [205] that offers several advantages over the commonly used Minimum

Redundancy Maximum Relevance (mRMR) algorithm [178] in large dataset applications.
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Prior work that introduced MUSE has shown an average increase of 5.80% in sensitivity

and 9.96% in specificity compared to mRMR, highlighting its effectiveness across various

classifiers. Additionally, the MUSE algorithm reduces the risk of overfitting by retaining

significant feature samples across iterations, thereby enhancing robustness in big data sce-

narios. Finally, MUSE maintains a constant time complexity per iteration, in contrast to

the increasing time cost associated with mRMR, thus ensuring computational efficiency

during the feature selection process. A detailed comparison of MUSE with mRMR is

discussed in [205].

To explain the MUSE algorithm, it is helpful to consider the data as a matrix, where

each row is a data sample and each column is a feature. The core strategy of MUSE is to

iteratively simplify the classification problem. At each step, the most discriminative feature

is selected, and the data samples that it classifies with high confidence are eliminated from

subsequent iterations. This process forces the algorithm to focus on finding new features

that can distinguish the remaining, more challenging data points. The algorithm works in

an iterative loop with the following steps:

1. Select the Best Feature: At the start of each iteration, the algorithm searches through

all available feature columns to find the single most informative one as the one that

best separates the remaining data samples into their classes (i.e., the one with the

lowest conditional entropy).

2. Group Samples and Check for Purity: The algorithm takes this selected feature col-

umn and groups its values into bins. For each bin, it checks the purity by determining

if the samples within that bin belong mostly to a single class. A bin is considered

pure if its impurity score is below a small threshold.

3. Eliminate Data:

• Remove Rows: Any data sample (row) that falls into one of these pure bins is

considered effectively classified. These rows are permanently removed from the

data matrix for all future iterations.

• Remove the Column: The feature (column) that was just used for this step is

also removed from the matrix, so it will not be considered again.
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4. Repeat: The algorithm then loops back to the first step, operating on the new, smaller

data matrix (with fewer rows and fewer columns) that survived the elimination. This

process is continued, each time finding the next best feature to classify the remaining,

more challenging samples.

5.2.5 MUSE-Based Seizure Model Creation

Select sessions

with ≥ 1 seizure

Identify individual

seizure episodes

Extract preictal

windows (5–65

min before onset)

Randomly sample

matched interictal

windows

Extract features

for these windows

1. Data Preparation

Features from preictal and randomly sampled

interictal (1 of 100 realizations)

Apply MUSE algorithm:

Discretize features, compute conditional entropy, rank features,

eliminate low-impurity samples, repeat until one class < 10%

2. MUSE Feature Selection per realization (100x per seizure episode)

Combine all selected

features across 100 runs

Compute cumulative

weighted score per feature

Select top-N̂ (s) features with

highest aggregated weights

Define final

feature set F̂ (s)

3. Aggregate Across All Realizations for a Seizure Episode

Compare

F̂ (s) and F̂ (s′)

If ≥ 80% overlap,

assign to same model

Repeat for all pairs

to define seizure models

4. Seizure Model Assignment

Figure 5.1: Workflow for seizure model creation from training data using MUSE: The

pipeline consists of four stages—data preparation, MUSE-based feature selection for each

realization, aggregating ranked features across iterations, and clustering seizure episodes

into models. This approach enables the identification of seizure-specific preictal patterns

used for personalized seizure prediction.
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In this work, the MUSE algorithm is adopted to capture seizure-specific preictal pat-

terns. The full pipeline is illustrated in Figure 5.1, which outlines each stage from data

preparation to model assignment. Detailed pseudocodes for the different algorithms are

included in Appendix B.1. The process begins by selecting all training sessions that contain

at least one seizure event. For each seizure episode, the corresponding preictal window,

defined as the 60-minute interval from 65 minutes to 5 minutes before seizure onset, is iden-

tified. A fixed 60-minute preictal window is used to maintain consistency across seizures.

An equally sized set of continuous interictal windows is randomly drawn from non-seizure

periods within the same session to ensure class balance. Input features are then extracted

from these windows.

Step 1: MUSE-Based Feature Ranking Per Realization

Let s index a seizure episode. For each seizure s, feature selection is performed indepen-

dently across R = 100 realizations, where each realization i ∈ {1, 2, . . . , R} used a random

subset of interictal windows combined with fixed preictal data to construct a binary clas-

sification problem.

In each realization, the MUSE algorithm is applied to the combined feature matrix of

the preictal features and randomly sampled matched interictal features. MUSE performs

greedy forward feature selection by iteratively selecting the feature that most improves class

separation (e.g., through the reduction in the overlap of class-conditional distributions).

This results in a declining number of samples that survive after each feature is added.

The selection process is terminated once the number of surviving samples in either class

falls below a predefined threshold—set here at 10% of the original sample count. Only

the survival curve of the class that first reaches this 10% threshold is used to quantify the

reduction induced by each selected feature. This class is referred to as the dominant or

early-stopping class for this realization.

Figure 5.2 illustrates a survival curve showing the percentage of samples remaining

after each feature is added, separately for each class. The steepness of the drop at each

step indicates the discriminative value of the selected feature. For example, in the curve

shown, the interictal class (class 0) drops from 100% to 72% after the first feature is added,

corresponding to a raw reduction of 28 percentage points.
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Figure 5.2: Example survival curve illustrating the percentage of training data samples

retained after each feature is selected using the MUSE algorithm. Class 0 (interictal) is

the dominant or early stopping class in this example, as its survival curve first reached

below 10% of samples. Reductions in survival for class 0 (e.g., -28%, -23%, etc.) are used

to compute normalized weights for each selected feature.

Let y
(s)
j,i denote the percentage of surviving samples of the dominant (early-stopping)

class after the j-th feature is selected in realization i for seizure s, and N
(s)
top,i refers to the

total number of top-ranked features required to drop the survival rate to below 10%. The

reduction attributed to feature F
(s)
j,i is computed as:

∆y
(s)
j,i = y

(s)
j−1,i − y

(s)
j,i ,

and the normalized weight is given by:

r
(s)
j,i =

∆y
(s)
j,i∑N

(s)
top,i

k=1 ∆y
(s)
k,i

.
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This normalized reduction r
(s)
j,i ∈ [0, 1] reflects the relative contribution of feature F

(s)
j,i to

class separation and sample pruning.

Let F (s)
i = {F (s)

1,i , . . . , F
(s)

N
(s)
top,i,i
} denote the top-ranked set of features selected in realiza-

tion i, and R(s)
i = {r(s)1,i , . . . , r

(s)

N
(s)
top,i,i
} their corresponding normalized weights.

In the example shown in Figure 5.2, the five selected features produce reductions of

28%, 23%, 18%, 14%, and 10%, respectively, which are normalized to yield weights of

approximately 0.30, 0.25, 0.19, 0.15, and 0.11. These values reflect the relative sample

pruning power of each feature and are used in the aggregation step described next.

Step 2: Aggregating Feature Rankings Across Realizations

Let U (s) denote the union of all features selected across the R realizations for seizure s.

To derive a robust ranking, each unique feature f ∈ U (s) is assigned an aggregated weight

across all realizations:

w(s)(f) =
R∑
i=1

N
(s)
top,i∑
j=1

I
[
F

(s)
j,i = f

]
· r(s)j,i ,

where I[·] is the indicator function that equals 1 if feature f is selected in realization i

at step j, and 0 otherwise. This aggregated score incorporates both the frequency of

selection and the strength of contribution, favoring features that consistently induce early

and substantial drops in survival rate.

Let N̂ (s) = max{N (s)
top,1, . . . , N

(s)
top,R} denote the maximum number of selected features

across realizations. The final representative feature set is then defined as:

F̂ (s) = Top-N̂ (s) features in U (s) ranked by w(s)(f).

Although feature stability is not explicitly enforced, this reduction-weighted aggrega-

tion strategy emphasizes robust and highly discriminative features while suppressing those

inconsistently selected or redundant across realizations.
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Step 3: Clustering Seizures into Models

Seizure episodes are grouped into common models based on the overlap of their represen-

tative feature sets. Two seizures s and s′ are assigned to the same model if:

|F̂ (s) ∩ F̂ (s′)|

max
(
|F̂ (s)|, |F̂ (s′)|

) ≥ 0.8.

An 80% feature overlap threshold is heuristically chosen to ensure high similarity between

seizures, such that at least 80% of the features used to distinguish the preictal activity of

one seizure are shared with another. The resulting clusters represent distinct algorithm-

identified seizure models, potentially reducing false positives when their outputs are aggre-

gated during prediction.

The MUSE-based seizure modeling approach and its application to the patient with

Subject ID (SID) 22 are described in detail in B.2.

5.2.6 Training Cluster-Specific Classifiers

For each preictal cluster identified during the model creation stage, a separate binary

classifier is trained to distinguish preictal (positive) from interictal (negative) windows.

Training is performed using only the subset of features selected as characteristic to the

given cluster, i.e., the representative features obtained through the MUSE-based selection

and aggregation procedure. This ensures that the classifier is tailored to the specific spectral

dynamics reflected in each seizure model.

A random forest (RF) classifier is employed for classification. Each tree is trained on

a bootstrap sample of the data using a random subset of the available features, which

improves generalization and reduces overfitting. The classifier predicts the label associated

with each 4-second EEG window, corresponding to the time segment from which features

are extracted. Hyperparameter optimization is performed using grid search over a range of

commonly used values, including the number of trees (100, 200, 500), maximum tree depth

(None, 5, 10, 20), and the number of features considered at each split (square root or log

base 2 of the total number of features). The decision to use an RF classifier is based on a

balance of performance, robustness, and the specific goals of this study. Our primary goal is

to validate the efficacy of our proposed multi-model, clustering-based pipeline. Compared
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to boosting methods like XGBoost that require careful hyperparameter tuning to prevent

overfitting, or deep learning models that are highly data-intensive, RF performs reliably

with minimal tuning, which is a significant advantage in patient-specific applications with

limited data. That said, for future studies involving longer recording durations with a much

higher number of seizures across subjects, deep learning architectures may offer advantages

in capturing more complex, long-term dependencies.

To address the substantial class imbalance between preictal and interictal segments,

the parameter class weight is fixed to balanced. This weighting strategy adjusts the im-

portance of each class inversely proportional to its frequency in the training data, ensuring

that the minority class (preictal) is not underrepresented during training. Cross-validation

within the training set is used to select the optimal hyperparameter configuration, based

on validation metrics of sensitivity and FPR.

5.2.7 Aggregating Predictions with Grid-search Optimized k-of-N Scheme

To improve the reliability of seizure forecasting, the binary outputs from all trained cluster-

specific classifiers are aggregated using a k -of-N voting rule, where both k and N are

explicitly defined as counts of 4-second windows. Each classifier generated predictions every

2 seconds using a 4-second sliding window with 50% overlap, resulting in 30 predictions

per minute.

Outputs from all cluster-specific models are combined via a union rule: if any model

labeled a window as preictal, the ensemble label for that window is also preictal. A rolling

buffer of the most recent N window-level predictions is maintained. An alarm is triggered

if at least k of these N windows are classified as preictal. This voting rule is applied

strictly at the window level. To avoid redundant alerts and reduce false positives during

prolonged ictal or postictal periods, a 1-hour refractory period is enforced after each alarm.

The common practice for seizure prediction algorithms is to set the refractory period equal

to the sum of the seizure prediction horizon (SPH) and seizure occurrence period (SOP)

[206, 207]. Given the variable but short SOP duration, the refractory period is chosen to

equal the SPH (1 hour).

The k -of-N scheme is optimized through grid search using the training folds. Sensitivity

is defined as the proportion of seizure episodes correctly flagged before onset, and the FPR
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is computed as the number of false alarms per 24 hours (or per session). The optimal

combination of k and N identified in training is then evaluated on the held-out test fold.

The grid search is conducted over the following window-level configurations:

N ∈ {30 (1 min), 150 (5 min), 300 (10 min), 450 (15 min), 600 (20 min)}

k ∈ {8 (0.25 min), 15 (0.5 min), 30 (1 min), 60 (2 min), 90 (3 min), 150 (5 min)}, k < N

This format emphasizes that the voting thresholds are applied over a fixed number of

4-second windows, not over time durations directly. Lower values of k and N typically

improved sensitivity but increased false positives, while higher values favored specificity

at the cost of missed detections. The best-performing combination is selected based on

overall performance across the training folds for all subjects.

5.3 Results

Table 5.2 summarizes seizure characteristics, the number of seizure types per subject, the

number of clusters identified by the algorithm, median number of features selected per

model, and cross-validated performance metrics (sensitivity and FPR) for both the clus-

tered and non-clustered pipelines using MUSE-based feature selection. The performance

using mRMR [178], a commonly used feature selection technique, is also presented for

comparison. For the baseline mRMR, the number of top-ranked features is matched to the

number of top-ranked features obtained using MUSE feature selection without clustering,

i.e., with higher number of features shown in the Table. The final column indicates whether

clustering improved sensitivity, reduced FPR, or both. This unified summary supports the

observations presented in both subsections below.

5.3.1 Seizure Model Identification

The number of seizure clusters identified per subject ranged from 1 to 4, with higher

cluster counts observed in patients with multiple clinically defined seizure types (e.g., SID

25 and SID 28). However, several subjects required more clusters than annotated types,

highlighting that additional electrophysiological heterogeneity may exist beyond what is
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Figure 5.3: Relationship between clinically identified seizure types and algorithm-identified

seizure clusters. Circle size reflects the number of subject-fold instances sharing each seizure

type–cluster pairing. The plot summarizes model assignments aggregated across all cross-

validation folds.

Table 5.3: Overall average performance across all subjects, weighted by number of folds

Test fold

performance

Without cluster

mRMR ranking

Without cluster

MUSE ranking

With MUSE

preictal clustering

Sensitivity (%) 91.04 ± 8.39 89.17 ± 13.62 98.54 ± 3.67

FPR(/day) 1.21 ± 0.48 1.15 ± 0.47 0.62 ± 0.29

discernible from seizure type labels alone. This relationship is illustrated in Figure 5.3. In

contrast, subjects with a single type of seizure profile (e.g., SID 21, 29, 32) are mostly best

represented using a single model.
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Table 5.4: Aggregated test performance across all cross-validation folds for each subject,

comparing three approaches based on the total number of missed seizures and the overall

percentage of seizures predicted: mRMR without clustering, MUSE without clustering,

and MUSE with clustering

SID # sz
# of missed seizures

Overall % of all seizures

predicted across all folds

w/o cluster

mRMR

w/o cluster

MUSE

w/ cluster

MUSE

w/o cluster

mRMR

w/o cluster

MUSE

w/ cluster

MUSE

20 6 0 0 0 100 100 100

21 7 0 0 0 100 100 100

22 6 0 2 0 100 66.67 100

24 6 1 1 0 83.33 83.33 100

25 17 3 2 1 82.35 88.24 94.12

26 10 2 3 0 80 70 100

27 11 1 2 2 90.91 81.82 81.82

28 8 1 0 0 87.5 100 100

29 3 1 1 0 66.67 66.67 100

32 6 2 0 0 66.67 100 100

Overall 80 11 11 3 86.25 86.25 96.25

To further illustrate how seizure clusters within a subject differ in spectral representa-

tion, Figure 5.4 shows a radar plot of the top-ranked features across three clusters for a

representative subject-fold (SID 24). Each cluster exhibits a distinct feature profile, with

differing reliance on relative band power versus cross-band ratios. Notably, Cluster 1 shows

strong emphasis on high gamma and theta power, while Cluster 2 favors ratio-based fea-

tures such as θ/γ and α/γ. These patterns support the hypothesis that different seizure

types or morphologies within a subject manifest distinct preictal dynamics, reinforcing the

need for individualized cluster-specific classifiers. While this figure presents a generalized

view based on the kinds of features selected, the actual electrodes contributing to each

model may differ, reflecting spatial variability in seizure onset and propagation patterns.

It is to be noted that while seizure complexity increases with the variety of clinical

seizure types, the models identified by the algorithm do not necessarily correspond to these
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Figure 5.4: Radar plot of major overlapping top-ranked spectral and ratio features across

three seizure clusters for a representative subject (SID 24). Each cluster is represented

by a separate line, showing how the relative importance of shared features varies across

models (contributing electrodes may vary by model).

clinical classifications. This is evident in certain folds where the number of algorithm-

derived models exceeds the number of clinically labeled seizure types. Moreover, some

models group seizures of different clinical types that originate from similar brain regions

(e.g., for SID 24, a CPS and a GTC episode are grouped into the same model). This sug-

gests that the unsupervised model formation is primarily influenced by electrode location

and spectral features, leading to the grouping of seizures with shared spatial origins or

preictal dynamics. The impact of this clustering-based modeling strategy on prediction

accuracy and false alarm reduction is detailed in the following performance analysis.
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5.3.2 Prediction Performance Summary

Table 5.3 summarizes the overall performance metrics aggregated across all subjects in

Table 5.2, with values weighted by the number of folds per subject to account for variability

in test instances. The optimal k-of-N rule selected through grid search is k = 30 ofN = 150

overlapping windows, corresponding to a decision threshold based on 30 of the past 150

consecutive 4-second windows. The two unclustered methods, mRMR-based and MUSE-

based feature selection, yield comparable performance in terms of both sensitivity and FPR.

In contrast, the MUSE-based clustering approach consistently outperforms both baselines.

The remainder of the results section focuses on comparing the MUSE-based clustering

approach with the unclustered baseline that also employs MUSE for feature selection. A

separate comparison between MUSE and mRMR feature selection methods is presented in

Section 5.4.2.

A consistent improvement in FPR is observed with clustering, along with higher or

comparable sensitivity, indicating the benefit of cluster-specific modeling. The clustering-

based modeling pipeline improved performance in most subjects, particularly those with

multiple seizure types or high seizure burden. With clustering, 9 out of 10 subjects achieved

improved sensitivity, with eight of them achieving 100%. SID 27, the only exception,

achieved 86.11% average sensitivity due to two missed seizures, one of which is identified

by the unclustered models. The clustered pipeline also consistently reduced the FPR. For

example, SID 25 showed a drop in FPR from 1.92 to 1.25/day, while SID 22 dropped

from 0.58 to 0.41/day. Across subjects, clustering also led to a reduction in the number of

features per model. For example, the median number of features dropped from 34 to 20 in

SID 25 and from 28 to 16 in SID 22. This supports the hypothesis that clustering yields

simpler, seizure-specific models that reduce redundancy in spectral-spatial representations.

Figure 5.5 illustrates the subject-wise changes in mean sensitivity, mean FPR, and the

median number of features required for classification.

To provide a more holistic view of performance not influenced by seizure distribution

within the cross-validation splits, an aggregated analysis is performed by combining pre-

dictions from all test folds. The results, summarized in Table ??, reveal a significant

performance gap between the methods. The two approaches without clustering (mRMR

and MUSE) failed to predict an overall 11 seizures, with the specific number of misses for
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each method varying by subject. In stark contrast, the MUSE-based clustering approach

proved far more robust. It successfully predicted 96.25% of all seizures within the SPH,

missing only 3 of the 80 total seizures analyzed, and achieved perfect 100% sensitivity for

8 of the 10 subjects.

5.4 Discussion

5.4.1 Modeling Seizure Heterogeneity

This study highlights the benefit of modeling intra-subject seizure variability in long-term

iEEG recordings. The proposed clustering framework based on our prior MUSE feature

ranking algorithm addresses a key limitation of prior subject-specific methods that assume

a single preictal representation per individual. By identifying seizure-specific clusters and

training specialized models, the framework captures latent electrophysiological diversity

that may not be reflected in clinical seizure type labels. In 72.5% of subject-fold instances,

the number of seizure clusters equaled or exceeded the number of clinically annotated

seizure types, with a clear linear trend observed between the two. This suggests that

seizure morphology and preictal dynamics are more diverse than conventional classification

captures.

5.4.2 Significance of feature ranking mechanism: mRMR vs. MUSE

While the overall performance of mRMR and MUSE-based feature selection methods is sim-

ilar, yielding average sensitivities of 91.04±8.39 and 89.17±13.62, and FPRs of 1.21±0.48

and 1.15 ± 0.47, respectively, subject-level differences indicate varying strengths. MUSE

achieved higher sensitivity than mRMR in subjects 25, 28, and 32. Subjects 25 and 28

had both a higher number of seizures (17 and 8) and multiple seizure types (3 and 2),

along with more seizure-containing days (6 each), suggesting larger within-subject data

availability. Subject 32, though having fewer seizures (6) and only one type, also showed

improved sensitivity with MUSE (100.0% vs. 75.0%). Conversely, mRMR performed bet-

ter in subjects 22, 26, and 27, who had fewer seizures (6–11) and a mix of seizure type

diversity. In addition to sensitivity differences, MUSE also showed a tendency toward

lower FPRs, with a mean FPR of 1.15±0.47 compared to 1.21±0.48 for mRMR. Notably,
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Figure 5.5: Subject-wise changes in model performance and complexity with clustering:

The figure illustrates the improvement in mean sensitivity, reduction in mean FPR, and

reduction in the median number of selected features for each subject when clustering is

applied. Subjects are grouped by the number of distinct seizure types identified by the

epileptologist, highlighting greater benefit in patients with clinically observed seizure het-

erogeneity.



84

MUSE yielded equal or lower FPR in all subjects. These patterns suggest that while either

method may perform better depending on the subject, MUSE shows a tendency to perform

well in higher-burden cases when more data are available per subject with greater seizure

variability.

5.4.3 Impact of clustering on Prediction Performance

The clustering-based approach preserved or improved sensitivity across most subjects,

achieving a mean of 98.5% (SD = 5.3) compared to 89.2% (SD = 25.7) without clus-

tering. The average FPR decreased from 1.15 to 0.62 alarms/day. Notably, subjects with

multiple seizure types or greater seizure burden experienced the most significant improve-

ments. For example, SID 25 showed a reduction in FPR from 1.92 to 1.25/day, and SID

22 saw a sensitivity increase from 60% to 100% across folds.

In several folds, clustering enabled the detection of seizures that are missed in the

baseline approach (e.g., SID 22, folds 1 and 4). These gains are attributed to the ability

of the clustering pipeline to isolate seizures with unique preictal characteristics and train

specialized models with smaller, more relevant feature sets. Both pipelines performed

comparably in subjects with only one seizure pattern (e.g., SID 20, 21, 29), although

clustering offered marginal reductions in false positives.

5.4.4 Model Complexity and Interpretability

Clustering contributed significantly to improving model simplicity and interpretability.

The median number of features required per model decreased from 22 to 14, representing

a 36.4% reduction in feature dimensionality without compromising classification perfor-

mance. This reduction supports the notion that clustering enables the creation of seizure-

specific models that capture essential biomarkers while discarding redundant information.

Analysis of feature selection frequency across all clusters revealed a consistent dom-

inance of relative spectral power and power ratio features (Fig. 5.6). In particular, the

most frequently selected are gamma power (30–300 Hz when grouped) and cross-band

ratios involving alpha, theta, and gamma bands. These features likely reflect key neu-

rophysiological changes in excitability and network synchronization that precede seizure

onset. High-frequency gamma activity has been linked to local cortical activation, while
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power ratios capture shifts in spectral balance across frequency bands; both may vary

between seizure subtypes.

The gamma range is decomposed into nine sub-bands spanning 30 to 300 Hz to further

investigate the contribution of gamma band features. A comparison between the grouped

gamma band and its constituent sub-bands revealed that γ1 (30–55 Hz), γ3 (80–105 Hz),

and γ4 (105–130 Hz) are most frequently selected. This suggests that discriminative in-

formation is concentrated in specific portions of the gamma spectrum, underscoring the

utility of sub-band resolution in improving feature efficiency.

Figure 5.6: Feature selection frequency across seizure models: Left panel shows normalized

frequencies with gamma grouped as a single band; right panel shows the distribution across

individual gamma sub-bands (γ1–γ9), highlighting peaks in selection within low and mid-

gamma ranges.

The distribution of top features also varied across clusters within the same subject,

suggesting that seizures with distinct morphological or spatial characteristics emphasize

different spectral patterns. This finding reinforces the importance of cluster-specific mod-

eling: a single feature set may not generalize across all seizures for a given patient, especially

in the presence of electrophysiological heterogeneity.
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5.4.5 The Role of the k-of-N Threshold in Reducing False Alarms

An essential component of the prediction pipeline is the k-of-N voting scheme, which

ensures the stability and reliability of alarms. Due to the inherent variability of iEEG

signals, relying on a single window’s prediction can lead to spurious false positives, as

transient fluctuations might mimic preictal patterns by chance. A clinically viable system

must distinguish these momentary events from a sustained progression into a preictal state.

Table 5.5: Comparison of FPR (mean ± SD) with and without k-of-N for MUSE-based

clustered approach

SID FPR with k-of-N FPR w/o k-of-N

20 0.58± 0.12 5.42± 1.12

21 0.57± 0.44 5.91± 4.56

22 0.41± 0.19 5.32± 2.46

24 0.56± 0.20 5.47± 1.95

25 1.25± 0.42 10.81± 3.95

26 0.54± 0.16 8.02± 2.37

27 0.67± 0.34 8.56± 4.35

28 0.42± 0.49 6.77± 7.89

29 0.16± 0.23 4.03± 5.79

32 0.62± 0.25 5.38± 2.17

The k-of-N rule addresses this challenge by requiring a persistence of preictal classifica-

tions over a more extended period before triggering an alarm. The dramatic impact of this

mechanism is quantified in Table 5.5. As shown, the window-level predictions without this

thresholding result in a very high FPRs, ranging from approximately 4 to 11 alarms per

day across subjects. With the k-of-N rule applied, the FPR drops by nearly an order of

magnitude to a clinically acceptable level, typically below 1.0 per day. While the MUSE-

based clustering helps further reduce the FPR from an unclustered baseline by creating

more specific models, the k-of-N rule is the key to avoiding false alarm triggers.
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5.4.6 Failure Cases and Missed Seizures

The proposed clustering-based method missed three seizures across all test folds. In SID

25, the missed seizure occurred in a fold where the ictal onset is localized to electrodes LST

1,2 (left superior temporal), a region not represented in the training data, which included

seizures originating from LAT (left anterior temporal), RAT (right anterior temporal), and

RPT (right posterior temporal) regions. Similarly, in SID 27, one missed seizure had a

right temporal onset, while the remaining ten seizures used for training are left temporal,

making this event structurally distinct. Another missed seizure in SID 27 exhibited a diffuse

onset pattern detected by the non-clustered baseline but missed by the clustered model.

This case may reflect a limitation of the clustering approach, that it promotes simpler,

seizure-specific models by selecting a minimal subset of features, but may underrepresent

more atypical seizure dynamics outside of learned clusters.

Notably, all missed seizures occurred in subjects with Engel Class III outcomes, reflect-

ing poor surgical response despite treatment based on presurgical SoZ localization. This

observation raises the possibility that the clinical ground truth used to guide treatment may

have been incomplete—i.e., certain seizure onset zones may not have been captured during

monitoring. These findings emphasize the importance of modeling approaches that can

accommodate seizure variability and motivate future extensions that integrate uncertainty

or novelty detection to flag outlier events.

5.4.7 Comparison with Prior Work on Seizure Prediction Using Multi-

Day Recordings

Table 6.3 summarizes representative studies on seizure prediction using multi-day EEG

recordings. These works span various modalities—including invasive iEEG, subdural, scalp,

and sub-scalp recordings—and differ in recording duration, number of seizures, algorithmic

complexity, and evaluation criteria.

Early approaches relied on nonlinear dynamical features extracted from limited datasets

and achieved moderate performance [108, 109]. Subsequent studies expanded to larger co-

horts and longer monitoring durations, such as using multi-month ambulatory iEEG, and

subdural iEEG [135, 147]. While these works demonstrated feasibility in real-world condi-

tions, subject-wise variability remained a key limitation. Recent studies have introduced
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Table 5.6: Representative seizure prediction studies in humans utilizing multi-day iEEG

recordings

Year Method Dataset Description
Feature and Model

Used
Performance

2003

Iasemidis

et al.

[108]

iEEG from 5 patients

(28–32 sites, 200 Hz),

55 seizures over 18 days

(short-term)

Adaptive Seizure Predic-

tion Algorithm (ASPA)

using Short-Term Max-

imum Lyapunov Expo-

nents (STLmax)

SS = 82%,

FPR = 0.16/hr

(3.84/day)

2005

Iasemidis

et al.

[109]

iEEG from 2 subjects,

25 seizures over 107.5 hrs

(short-term)

ASPA + T-index track-

ing of seizure precursors

SS = 81.8%,

FPR = 0.15/hr

(3.6/day)

2013
Cook et

al.[135]

15 patients, NeuroVista

iEEG (16 channels, 400 Hz)

over 4 months (long-term)

Beta-band (16–32 Hz)

power + k-NN classifier
SS = 65–100%

2016
Brinkmann

et al.[146]

Crowd-sourced challenge:

230 hrs of iEEG (3 ×
8 subdural grid) from 2

patients, sampled at 5 kHz

with a total of 46 seizures

(canine data used for the

contest not described here)

(fragmented long-term)

Top ranked model:

Spectral, entropy,

correlation, and sta-

tistical features +

Lasso-regularized GLM

classifier

SS = 71% @

75% specificity

(includes canine

data)

2018
Kuhlmann

et al.[147]

Crowd-sourced seizure

prediction challenge: 3

patients, 1-year 16-channel

subdural iEEG, 1100+

seizures (fs=400 Hz)

(long-term)

Top ranked model:

Spectral, AR, fractal,

coherence features;

SVM, k-NN, GLM,

XGBoost

Top ranked

model: SS =

58% @ 75%

specificity

2025
Proposed

model

10 subjects, 2088 hrs iEEG

(fs=2 kHz), 80 seizures

(long-term)

MUSE-based clustering

of PSD features + ran-

dom forest classifier

Mean SS =

98.54%, FPR

= 0.62/day
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deep learning-based models (e.g., LSTM, CNN) to exploit temporal and spatial information

in scalp and sub-scalp EEG [113]. While these approaches report promising sensitivity and

reduced false alarms, they often require extensive training data, complex architectures, or

proprietary acquisition systems.

In contrast, the proposed method applies interpretable PSD features, specifically ab-

solute, relative, and ratio power across twelve frequency bands, and uses unsupervised

clustering to capture intra-subject seizure variability. Each cluster is assigned a dedicated

classifier to improve model specificity, and predictions are aggregated using an optimized

k-of-N voting scheme. Applied to high-resolution (2 kHz) iEEG data from 10 subjects

spanning 87 days (2088 hours) and 80 seizures, the method achieves a mean fold sensitiv-

ity of 98.54% and a FPR of 0.62/day, outperforming prior studies in both sensitivity and

FPR without relying on deep learning. While the proposed approach outperforms all prior

approaches, readers are encouraged to consider contextual differences, such as recording

duration, number of seizure days, and total seizure count, that contribute to the modeling

complexity in each study.

The proposed system is also practical for real-time implementation. The total process-

ing time per window is roughly 370 ms, leaving a significant lead time within the 2-second

interval. The test was conducted on a MacBook Air (M1, 2020) with an 8-core CPU, a 7-

core GPU, and 16 GB of RAM. The bulk of the computation is spent on feature extraction

to get the spectral powers, which may take about 350 ms using an efficient FFT hardware.

After that, the actual classification is very fast; the parallel random forest predictions only

take 15 ms, and the final aggregation step adds less than 1 ms. This leaves plenty of

headroom of over 1.6 seconds, confirming the system is not computationally constrained.

5.4.8 Limitations and Future Work

This study is limited by its retrospective design and a relatively small cohort of ten subjects.

Furthermore, this study was conducted using high-resolution iEEG data to establish a

proof of concept. Generalizing this framework to scalp EEG represents an important

future direction. Still, it would require significant adaptation of the feature set to address

the challenges inherent to non-invasive recordings, such as a lower signal-to-noise ratio,

muscle artifacts, and reduced spatial resolution. This would likely involve replacing or
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modifying the feature with alternatives more robust to these conditions. The core multi-

model approach, however, remains a promising strategy for non-invasive applications.

While cross-validation was conducted using seizure-containing sessions, further valida-

tion is needed to assess generalization across more extended recording periods, additional

patients, and rare seizure types. Our multi-model framework is architecturally designed

to address this challenge via a lifelong learning approach. In a prospective setting, events

that cannot be confidently classified could be flagged as novelties. After clinical verifica-

tion, these events could form a new cluster used to train a new expert model, which is

then added to the classification ensemble, allowing the system to adapt over time without

complete retraining.

Although the evaluation is retrospective, each test fold includes at least two 24-hour

sessions, and predictions are generated using a rolling k -of-N voting scheme with a 1-hour

refractory period, approximating key aspects of real-time deployment. Nonetheless, full

streaming simulations across continuous recordings can be explored in future work to more

closely reflect prospective performance.

The clustering approach is based on feature overlap to capture seizure-specific preictal

dynamics. While orthogonality between cluster-specific classifiers is not assumed, redun-

dancy is expected to be reduced through the use of distinct, entropy-weighted feature sets.

Future work will assess inter-model agreement more formally to quantify potential redun-

dancy across clusters. Additionally, incorporating temporal evolution and spatial context

from electrode montages may enhance model specificity.

Finally, while binary predictions are used for simplicity, incorporating probabilistic

outputs or risk scores from individual models could enable more nuanced, dynamically

weighted ensemble decisions. Future work will explore semi-supervised clustering, prospec-

tive validation, and integration with adaptive or lifelong learning frameworks.



Chapter 6

Patient-Specific Prediction based

on the Novel AMIFD Biomarker

6.1 Chapter Overview

In the previous chapter, we successfully demonstrated that a patient-specific, multi-model

framework is a powerful and necessary strategy to address intra-subject seizure heterogene-

ity. That approach, which used standard PSD features, confirmed that clustering seizure

types is critical for improving prediction accuracy, as evidenced by the significant improve-

ment in sensitivity to 98.54% and a 50% reduction in the FPR, confirming the importance

of the multi-model framework itself.

This chapter introduces a new, patient-specific prediction pipeline based on a novel

biomarker: the Absolute Mean Instantaneous Frequency Difference (AMIFD).

As detailed in the methodology chapter, this bivariate feature is designed not to measure

average power, but to capture the instantaneous, phase-based frequency dynamics between

brain regions. We hypothesize that this measure of phase synchrony is a potent and effective

biomarker for characterizing preictal states.

The primary objective of this research is to present and validate this AMIFD-based

pipeline. To ensure a fair and robust evaluation that properly accounts for seizure vari-

ability (as established in Chapter 5), we will employ the same multi-model classification

strategy. The approach uses the MUSE feature ranking technique to automatically cluster

91
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different seizure types based on their top-ranked AMIFD preictal feature signatures. This

data-driven grouping enables the creation of an ensemble of expert models—in this case,

specialized random forest classifiers—which are then combined using a k-of-N aggregation

logic to minimize false alarms.

The effectiveness of the foundational biomarker was confirmed, with AMIFD showing

a significantly greater effect size than several standard electrophysiological features (p <

0.03). The subsequent sections will show that this AMIFD-driven, multi-model framework

achieved a mean sensitivity of 92.08% and a false positive rate of 1.32/day when tested

on 10 epileptic subjects. This performance, a substantial improvement over non-clustered

baselines, establishes AMIFD as a powerful and viable biomarker for seizure prediction,

further solidifying that the patient-specific, multi-model strategy is a reliable pathway

toward clinically accurate prediction systems.

6.2 Materials and Methods

6.2.1 Dataset description and Data Split Scheme

The patient cohort and long-term iEEG dataset used to validate this feature pipeline are

identical to those introduced in the previous chapter. A complete description of the patient

demographics, recording specifications, and preprocessing steps is available in Section 5.2.1.

A critical component of this validation is adhering to the same data splitting and evaluation

protocol used in Chapter 5 (5.2.2). This ensures a direct and fair comparison between the

PSD-based approach and the AMIFD-based approach. We followed the identical cross-

validation scheme to segment the data for training and testing, as illustrated in Fig. 6.1.

6.2.2 A Novel Bivariate Measure: Absolute Mean Instantaneous Fre-

quency Difference (AMIFD)

This paper proposes a novel bivariate feature, the Absolute Mean Instantaneous Frequency

Difference (AMIFD), as a biomarker for seizure prediction. The feature is designed to

quantify the level of synchronization between two distinct EEG/iEEG signals by compar-

ing their mean instantaneous frequencies. Its core principle is based on the concept of
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Figure 6.1: Illustration of the subject-specific k-fold data-split scheme. The total number

of folds (k) is determined by the number of sessions containing seizures (NSZ). Non-seizure

sessions are distributed among the folds. In each iteration, one fold is held out for testing,

and the remaining folds are used for training.

phase-locking [208]; if two signals are highly synchronized, their mean instantaneous fre-

quencies will be nearly identical, resulting in a small AMIFD value. Conversely, a larger

frequency difference suggests that the signals are less synchronized. The AMIFD is there-

fore calculated between pairs of iEEG signals from different electrodes to measure the

coupling between different brain regions across various frequency bands. By tracking this

measure, the algorithm aims to identify the subtle changes in brain state that precede a

seizure.

Suppose si(t) is a band-limited signal represented by the real-valued iEEG time series

from channel i. The analytic form of si(t), denoted by ai(t) is represented by a complex ex-

ponential with time-varying instantaneous amplitude (Ai(t)) and instantaneous frequency

(ϕi(t)):

ai(t) = Ai(t) e
jϕi(t) (6.1)

The instantaneous frequency is thus the argument of its complex analytic representation
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ai(t).

ϕi(t) = Arg{ai(t)} (6.2)

Within a small analysis window, the instantaneous phase can also be modeled as a linear

function of time with an additive stochastic process (φi):

ϕi(t) = 2πfit+ φi (6.3)

where fi is the mean instantaneous frequency of the signal.

Since the slope of the instantaneous phase represents the mean instantaneous frequency,

least-squares linear regression is used to estimate fi for a given signal si(t). The estimated

value of fi, denoted by f̂i from a window size of M is given by:

f̂i =
1

2π

∑M
k=1(t[k]− t̄)(ϕi[k]− ϕ̄i)∑M

k=1(t[k]− t̄)2
(6.4)

Here, t is the time vector [ 1fs ,
2
fs
, · · · , Mfs ]

T with mean t̄ and t[k] = k
fs
. ϕi is the instantaneous

phase vector with mean ϕ̄i.

The AMIFD between signals from channels i and j is thus estimated as:

AMIFDi,j(t) = |f̂i − f̂j | (6.5)

6.2.3 Feature extraction and Assigning Class Labels

Features are extracted from the preprocessed iEEG data using 4-second sliding windows

with a 50% overlap, which results in a new feature calculation every 2 seconds. The AMIFD

features are extracted between every pairs of channels analyzed for the following twelve

frequency bands: θ (4–8 Hz), α (8–13 Hz), β (13–30 Hz), γ1 (30–55 Hz), γ2 (55–80 Hz),

γ3 (80–105 Hz), γ4 (105–130 Hz), γ5 (130–150 Hz), γ6 (150–170 Hz), γ7 (170–200 Hz), γ8

(200–250 Hz), and γ9 (250–300 Hz). Segmenting the gamma band into multiple sub-bands

enables more sensitive detection of features from various high-frequency oscillations, such

as ripples and fast ripples, which are considered strong indicators of seizure onset [5, 42].

To avoid the high computational cost of applying 12 separate band-pass filters for each

of the many channels analyzed, we employ a more efficient method. This technique lever-

ages the Fast Fourier Transform (FFT) to generate the analytic signal for each frequency
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Figure 6.2: Flow charts for (a) the Phase Extractor to compute the instantaneous phases

for a single channel signal in 12 frequency bands and (b) computing the mean instanta-

neous frequency (MIF), MIF difference (MIFD), and absolute MIFD (AMIFD) for the 12

frequency bands for signals from two channels.

band. As depicted in Fig. 6.2a, the analytic signal a(t) for a signal band-limited to B is

obtained as follows:

aB(t) = F−1[S[f = B] + sgn(f)S[f = B]] (6.6)

where s(t)
F←→ S[f ], F−1 is the inverse Fourier transform, and sgn(f) is the signum function.

The practical implementation of this involves calculating the FFT of the iEEG signal

once, retaining the coefficients corresponding to each band of interest (Bi), and then ap-

plying the inverse transform. In this case, there are twelve distinct bands, which can be
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represented as B1, B2, · · · , B12. This single-FFT strategy is substantially less computa-

tionally intensive than an approach based on multiple individual filters. The instantaneous

phase for each band, ϕBi(t), is obtained from the complex argument of the analytic repre-

sentation aBi(t), as depicted in Fig. 6.2. The AMIFD estimation from the instantaneous

phase follows the same logic described in Section 6.2.2, with a slight modification. A post-

processing step, involving the application of a second-order Kalman filter [209], is used to

smooth irregular effects in the estimated instantaneous frequencies before computing their

difference, thereby reducing noise that can degrade prediction capabilities. The state-space

model previously detailed in [210] and in the supplementary materials of [96] is adopted

for the Kalman filter.

The preictal period, a 60-minute window from 65 to 5 minutes before a seizure, serves

as the Seizure Prediction Horizon (SPH). The subsequent ictal window (5 minutes before

to 1 hour after the seizure) is masked off during training. All other data beyond these

periods are labeled interictal. A preictal alarm triggered within the SPH constitutes a

successful prediction.

6.2.4 Seizure Model Creation and Classification

The core pipeline for seizure model creation and classification remains identical to that of

Chapter 5. This process, which is illustrated in Figure 6.3, consists of three main stages:

1. Unsupervised Feature Selection and Clustering: The MUSE algorithm is applied

on a per-seizure basis to identify the top-ranked AMIFD preictal feature signatures for

each seizure. Seizures are then grouped into clusters based on the similarity of these

feature sets (refer to Section 5.2.5).

2. Ensemble Classifier Training: A separate, specialized classifier (e.g., Random For-

est) is independently trained for each identified seizure cluster, creating an ensemble of

expert models.

3. Aggregated Prediction: The final prediction alarm is triggered using the same k-of-N

aggregation and voting logic described in Chapter 5 to enhance reliability and minimize

false alarms.

Note that the initial input feature space is high-dimensional. For the proposed method,

N electrodes generate 12 ×
(
N
2

)
features, resulting in a feature count ranging from 432 to
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Figure 6.3: The proposed multi-model classification and prediction aggregation pipeline.

Continuous iEEG signals are processed to extract features, which are then fed into M

cluster-specific classifiers. The window-level predictions are fused and passed through a

k-of-N voting rule to trigger a final preictal alarm.

2280 depending on the subject. Since many of these features are not informative, they are

discarded during feature selection with the MUSE algorithm. The final number of unique

features used will be substantially smaller, as seen in the results.

6.3 Results

6.3.1 Comparative Effect Size of the AMIFD Biomarker

To quantitatively evaluate the ability of the AMIFD biomarker to distinguish between

interictal and preictal states, a comparative analysis was performed against five standard

EEG feature types. All feature classes use the same twelve frequency bands. For a robust

comparison of the most effective examples of each method, this analysis focused on the top

10 performing features from each category, with performance data aggregated across all

subjects. The effect size for these selected features was calculated using Cohen’s d [211].

Cohen’s d is a standardized measure of effect size that quantifies the magnitude of the

difference between two groups in pooled standard deviation units. Larger absolute values

of Cohen’s d signify a greater degree of separation between the groups, which translates to

a higher potential for accurate and reliable classification. The distribution of these values

for the top-performing features is presented in Figure 6.4.

The AMIFD biomarker consistently yielded a large effect size, indicating strong class
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Figure 6.4: Comparative effect size of AMIFD against standard biomarkers. Box plots

show the distribution of Cohen’s d values for the top 10 performing features from each

category, discriminating between interictal and preictal states. Horizontal lines indicate

post-hoc statistical comparisons of each feature group against AMIFD, with corresponding

p-values.
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separability. Post-hoc statistical tests confirmed that the effect size of AMIFD was signif-

icantly greater than that of four of the five features tested: Absolute Power (p < 0.0001),

Relative Power (p = 0.0018), Coherence (p = 0.0046), and Phase Locking Value (PLV)

(p = 0.0296). While not reaching statistical significance, the AMIFD biomarker exhibited

a trend toward a larger median effect size and a higher maximum observed value compared

to the Phase Lag Index (PLI) (p = 0.1060).

6.3.2 Classifier Performance using AMIFD features

The seizure prediction performance is quantitatively evaluated by first comparing a pipeline

using MUSE-based feature selection with clustering to a pipeline without it. To establish

a performance benchmark, a baseline pipeline using the common mRMR feature selection

technique [178] without clustering was also included for comparison. Therefore, the analysis

was conducted on three distinct classification schemes:

1. mRMR-NC: A pipeline using the common minimum Redundancy Maximum Relevance

(mRMR) feature selection method with No Clustering.

2. MUSE-NC: A pipeline using MUSE-based feature selection with No Clustering.

3. MUSE-C: A pipeline using MUSE-based feature selection with data Clustering prior

to model training.

The performance metrics are summarized in Table 6.1 for subject-wise test folds perfor-

mance, and in Table 6.2 for the overall mean performance across all subjects. The optimal

k-of-N threshold through grid search is chosen as k = 30 of N = 150 overlapping windows,

translating to a decision threshold based on 30 of the past 150 consecutive windows. To

ensure a fair comparison against the baseline, the number of top-ranked features used in

the mRMR-NC approach was matched to the quantity selected by the MUSE-NC pipeline,

which corresponds to the larger feature set presented in Table 6.1.

A quantitative analysis revealed distinct differences in prediction efficacy and model

complexity across these methods. The MUSE-C method, which incorporated clustering,

demonstrated the highest mean sensitivity in seven of the ten subjects. Notably, it achieved

a perfect mean sensitivity of 100.00% in three subjects (SID 20, 21, 29). The two non-

clustered methods, mRMR-NC and MUSE-NC, produced nearly identical sensitivity results
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Table 6.2: Overall performance across all folds of all subjects, summarized from Table 6.1

Performance metric mRMR-NC MUSE-NC MUSE-C

Sensitivity (%) 85.21 ± 25.84 85.00 ± 23.05 92.08 ± 14.85

FPR (/day) 1.65 ± 1.01 1.51 ± 0.71 1.32 ± 0.60

for most subjects. With respect to the FPR, the MUSE-C method yielded the lowest

mean FPR for all ten subjects evaluated. In contrast, the mRMR-NC method consistently

produced the highest FPR.

From a model complexity perspective, the MUSE-C pipeline required a smaller median

number of unique features for every subject compared to the non-clustered MUSE-NC

method. For example, for subject 22, the feature count was reduced from 35 to 22 following

clustering. The number of models generated by the MUSE-C pipeline was low, ranging

from one to four across all subjects.

6.4 Discussion

6.4.1 Effect Size and Robustness of the AMIFD Biomarker

The AMIFD biomarker demonstrates exceptional discriminative power in this study. A key

finding from the comparative analysis is that its median Cohen’s d value was higher than

that of all other tested biomarkers, including Absolute Power, Relative Power, Coherence,

PLV, and PLI. The observed superiority is reinforced by high statistical significance in four

of these five comparisons: against Absolute Power, Relative Power, Coherence, and PLV.

The strong empirical performance is complemented by a fundamental theoretical ad-

vantage inherent to AMIFD’s design. The biomarker is based on instantaneous frequency,

which is the mathematical derivative of the instantaneous phase. Since raw iEEG sig-

nals are non-stationary, the cumulative instantaneous phase often exhibits strong, non-

stationary trends. The derivative operation inherently removes these trends, yielding a

more stationary signal. This makes the AMIFD biomarker more robust and reliable for

long-term seizure prediction, as it is relatively less susceptible to the random drifts and

baseline shifts that can corrupt non-stationary signals.
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6.4.2 Performance Improvement using Multiple Seizure Models

The adoption of multiple seizure models (MUSE-C) is the key for the enhanced prediction

performance observed in this study. A single, generalized model, as used in the mRMR-NC

and MUSE-NC pipelines, is forced to learn an aggregate representation of preictal states.

This approach can obscure the unique electrophysiological signatures of distinct seizure

types, especially in patients who experience multiple types. The model must find a one-

size-fits-all solution, which can limit its ability to predict every seizure event accurately.

The MUSE-C method overcomes this constraint by first clustering seizures based on

their preictal feature representations. It allows for the training of multiple specialized

models, each tailored to the specific preictal patterns of a particular seizure cluster. This

is empirically supported by the data in Table 6.1, where the MUSE-C method not only

improved sensitivity but also consistently lowered the FPR across all subjects. The superior

performance is achieved with a smaller median number of features per model. This supports

the hypothesis that a patient’s seizures have distinct subtypes, each best predicted by an

efficient, specialized model using a compact set of highly relevant features, rather than

accommodating a larger, more varied set of features needed for a generalized model.

6.4.3 Comparison with Existing Long-term Seizure Prediction Methods

To contextualize the performance of the proposed algorithm, Table 6.3 summarizes rep-

resentative studies on seizure prediction from multi-day EEG/iEEG recordings. These

works vary significantly in their recording modalities, monitoring durations, dataset sizes,

and the criteria used for performance evaluation. Note that a comparison with the PSD-

based framework, discussed in the previous chapter, is not provided in the table as the two

methods were developed around the same time. A comparison between the two will be

discussed in the conclusion chapter.
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Table 6.3: Representative seizure prediction studies in humans utilizing multi-day EEG

recordings

Year Method Dataset Description
Feature and Model

Used
Performance

2003

Iasemidis

et al.

[108]

iEEG from 5 patients

(28–32 sites, 200 Hz),

55 seizures over 18 days

(short-term)

Adaptive Seizure Predic-

tion Algorithm (ASPA)

using Short-Term Max-

imum Lyapunov Expo-

nents (STLmax)

SS = 82%,

FPR =

0.16/hr

(3.84/day)

2005

Iasemidis

et al.

[109]

iEEG from 2 subjects,

25 seizures over 107.5 hrs

(short-term)

ASPA + T-index track-

ing of seizure precursors

SS = 81.8%,

FPR =

0.15/hr

(3.6/day)

2013
Cook et

al.[135]

15 patients, NeuroVista

iEEG (16 channels, 400 Hz)

over 4 months (long-term)

Beta-band (16–32 Hz)

power + k-NN classifier
SS = 65–100%

2016
Brinkmann

et al.[146]

Crowd-sourced challenge:

230 hrs of iEEG (3 ×
8 subdural grid) from 2

patients, sampled at 5 kHz

with a total of 46 seizures

(canine data used for the

contest not described here)

(fragmented long-term)

Top ranked model:

Spectral, entropy,

correlation, and sta-

tistical features +

Lasso-regularized GLM

classifier

SS = 71% @

75% speci-

ficity (includes

canine data)

2018
Kuhlmann

et al.[147]

Crowd-sourced seizure

prediction challenge: 3

patients, 1-year 16-channel

subdural iEEG, 1100+

seizures (fs=400 Hz)

(long-term)

Top ranked model:

Spectral, AR, fractal,

coherence features;

SVM, k-NN, GLM,

XGBoost

Top ranked

model: SS =

58% @ 75%

specificity
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Year Method Dataset Description
Feature and Model

Used
Performance

2019
Wei et al.

[110]

15 patients, 22-lead EEG

(fs=500 Hz), 540 hrs, 164

seizures (short-term)

CNN for features +

LSTM for preictal se-

quence learning

SS = 91.88%,

SP = 86.13%,

ACC =

93.4%, FPR

= 0.04/hr

(0.96/day)

2021
Stirling et

al. [112]

Sub-scalp EEG from 5 sub-

jects (fs=250 Hz) with re-

fractory focal epilepsy, to-

taling 128 seizures across

55–106 days per subject

(long-term).

Ensemble: Random For-

est regressor + Logistic

Regression

SS = 66%,

ACC = 83%,

AUC = 0.88

2022
Viana et

al. [113]

6 subjects, 11,000+ hrs

sqEEG (fs=207 Hz),

12–36 seizures/patient

(long-term)

Subject-specific LSTM

trained on preic-

tal/interictal segments

SS = 67–80%,

AUC =

0.59–0.79,

Time-in-

warning =

10.9–44.4%

2025
Proposed

model

10 subjects, 2088 hrs iEEG

(fs=2 kHz), 80 seizures

(long-term)

MUSE-based clustering

of AMIFD features +

random forest classifier

Mean SS

= 92.08%,

FPR =

1.32/day

Early work in this area often employed nonlinear dynamical features on smaller datasets,

achieving moderate success [108, 109]. Subsequent large-scale studies demonstrated the

feasibility of long-term prediction using ambulatory iEEG, though subject-wise variabil-

ity remained a significant hurdle [135, 147]. More recently, deep learning architectures

like LSTMs and CNNs have been applied to scalp and sub-scalp EEG to leverage spatio-

temporal patterns, reporting promising results but often at the cost of high computational

complexity and the need for extensive training data [113]. In contrast, the proposed frame-

work, built upon a novel and robust AMIFD biomarker and using a multi-model approach,
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achieves a mean sensitivity of 92.08% and a FPR of 1.32/day. Our method’s sensitivity

surpasses all prior work discussed in Table 6.3. Its FPR is also lower, except for that of

[110], which analyzed short-term data, unlike the long-term recordings used in this study.

While direct comparisons are challenging, readers are encouraged to consider the contex-

tual differences between studies, including recording durations and seizure counts, when

evaluating performance.

6.4.4 Avenues for Improvement

It is important to acknowledge the limiting aspects of this study that provide avenues for

future research. The study is designed retrospectively on a small cohort of ten subjects.

The challenge of generalizing from a limited dataset is particularly highlighted by specific

missed alarms where seizures originated from onset zones not represented in the training

data. For instance, a seizure in SID 27 with a right temporal onset was missed because

the model was trained exclusively on seizures from the left, making the event structurally

distinct. Although the evaluation approximated real-time conditions using a k-of-N voting

scheme, true clinical viability must be confirmed through future validation on larger, more

diverse patient populations in a prospective setting.

The current framework did not incorporate spatial information from the electrode mon-

tage, and did not formally quantify the potential redundancy between the cluster-specific

models. Future work may improve model specificity by including this spatial context and

moving beyond binary predictions to incorporate probabilistic risk scores. Integrating the

system with advanced techniques such as adaptive or lifelong learning frameworks would

also be a valuable next step toward creating a more nuanced model that evolves with the

patient over time.



Chapter 7

Conclusion and Future Direction

7.1 Summary of Thesis Contributions

This doctoral research was driven by the critical need for more advanced and reliable

computational methods to manage drug-resistant epilepsy. While significant progress has

been made in computational neuroengineering, patient outcomes remain hindered by two

fundamental challenges: the precise localization of the epileptogenic zone (EZ) for surgical

planning and the reliable, long-term prediction of seizures. The work in this dissertation

addresses both challenges by developing and validating novel, patient-specific frameworks

to analyze complex brain network dynamics.

The primary contributions of this thesis are twofold:

1. The research moves beyond traditional, static biomarkers to establish a dynamic

network signature of the Seizure Onset Zone (SoZ). By applying effective connectivity

and graph-based analysis to both ictal and interictal iEEG, this work demonstrates

that the SoZ is not a static target. Instead, it is a dynamic region that transitions

from a state of network ”quiescence” between seizures to one of ”hyper-activation,”

where it becomes the central hub driving ictogenesis.

2. This dissertation presents a complete, dual-component framework for long-term seizure

prediction that addresses the key limitations of current systems. This framework suc-

cessfully addresses the problem of intra-patient seizure variability by introducing a

multi-model classification scheme that trains ”expert” models for distinct seizure
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types. It simultaneously solves the problem of signal non-stationarity by introducing

the Absolute Mean Instantaneous Frequency Difference (AMIFD), a novel biomarker

inherently robust to long-term signal drift.

The methods developed in this thesis collectively provide a more nuanced understanding

of epileptogenic networks and offer robust, validated pathways toward more personalized

and clinically viable diagnostic and advisory systems.

7.2 Integration of Key Research Findings

This section consolidates the primary results of the four publications that constitute this

doctoral work. The findings are organized thematically into two main research thrusts: the

identification of the Seizure Onset Zone (SoZ) and the forecasting of impending seizures.

7.2.1 A Dynamic Network Signature for SoZ Identification

A foundational challenge in epilepsy surgery is the accurate localization of the SoZ. Tra-

ditional localization methods often rely on biomarkers such as high-frequency oscillations

(HFOs) and spectral power changes. These markers, while helpful, primarily describe local-

ized activity and often fail to capture the complex, network-level interactions that define an

epileptogenic zone. The research in this thesis proposed that the SoZ is better understood

as a dynamic network hub, whose functional role changes dramatically between resting and

seizure states.

To test this hypothesis, this work introduced a novel graph-theoretic framework to

analyze the effective connectivity (EC) of the epileptogenic network. After comparing

three different EC measures, Frequency-Domain Convergent Cross-Mapping (FD-CCM)

was identified as the most powerful method for revealing directional connectivity patterns.

The first significant finding, derived from ictal (during-seizure) recordings, demon-

strated that SoZ electrodes function as the central drivers of seizure activity. In this

state, SoZ electrodes showed significantly elevated centrality measures, indicating they are

hyperactive hubs in the epileptic network. This graph-based approach proved highly dis-

criminative, with a supervised machine learning model achieving a mean AU-ROC of 0.93

in separating SoZ from non-SoZ electrodes.
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While effective, this ictal-based analysis relies on capturing seizure events, which can be

difficult and time-consuming in a clinical setting. The second component of this research,

therefore, adapted this robust FD-CCM framework to the more readily available interictal

(resting-state) data. This investigation revealed a crucial and complementary pattern:

between seizures, the SoZ electrodes exist in a state of network quiescence characterized

by significantly lower centrality values. This finding suggests a state of functional isolation

from the broader brain network during the resting phase.

By combining these two findings, this thesis establishes a novel dynamic signature of

the SoZ. This signature characterizes the epileptogenic zone as a region that transitions

from a state of network isolation to one of network hyper-activation. This dynamic profile

is a much richer biomarker than static measures. To validate its clinical utility, a hybrid

classifier was developed that integrated this new graph-based biomarker with traditional

ones (HFOs, Phase-Amplitude Coupling, and relative band power). This integrated model,

using only interictal data, achieved a robust mean accuracy of 89% and a mean sensitivity

of 82% for SoZ identification, demonstrating its practical value for surgical planning.

7.2.2 A Novel Framework for Patient-Specific Seizure Prediction

The second major thrust of this dissertation was to develop a seizure prediction framework

robust enough for long-term clinical use. The primary obstacle to this goal is intra-patient

heterogeneity: the fact that a single patient can exhibit multiple, distinct seizure types,

each with its own unique preictal signature. A one-size-fits-all patient-specific model will

inevitably fail by either averaging or entirely missing these diverse signatures.

The core contribution of this research in seizure forecasting is the development of a

patient-specific, multi-model classification framework designed to solve this exact problem.

This framework uses the Minimum Uncertainty and Sample Elimination (MUSE) algorithm

to analyze the preictal features of each individual seizure, automatically clustering seizures

with similar signatures. A separate, specialized classifier is then trained for each cluster.

The power of this adaptive framework was demonstrated in two independent validation

studies using different feature classes.
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Validation with Power Spectral Density Features

In the first validation, the multi-model framework was applied using a comprehensive set

of Power Spectral Density (PSD) features, including absolute, relative, and ratio-based

measures. These features are well-established but were used here to test the hypothesis

that modeling heterogeneity itself was the key to improving performance.

The results were unequivocal. The multi-model (clustered) approach was directly com-

pared with a single-model (non-clustered) approach using the same PSD features. The

multi-model framework dramatically improved performance, increasing the mean sensitiv-

ity from 89.2% to 98.5% while simultaneously halving the false positive rate from 1.15 to

0.62 alarms per day. This finding provided definitive proof of two concepts: first, that

significant latent electrophysiological heterogeneity exists beyond standard clinical labels,

and second, that the proposed multi-model framework can successfully capture it.

Validation with a Novel Synchronization Biomarker (AMIFD)

In a second, independent study, the framework’s robustness was tested with a completely

different type of feature: a novel, purpose-built biomarker introduced in this thesis as the

Absolute Mean Instantaneous Frequency Difference (AMIFD).

This feature was designed to be a robust, bivariate measure of synchronization that is

less susceptible to the signal drift and baseline shifts common in long-term recordings. The

AMIFD biomarker was first validated on its own, demonstrating a statistically significant

larger effect size (Cohen’s d) in separating preictal from interictal states compared to other

synchronization features like coherence (p < 0.005) and Phase Locking Value (p < 0.03).

This new AMIFD feature set was then integrated into the same multi-model clustering

framework. Once again, the framework proved its value by significantly improving perfor-

mance over a single-model baseline. The final AMIFD-based pipeline achieved a strong

mean sensitivity of 92.1% and a low false-positive rate of 1.32 alarms per day.

7.3 Limitations of the Present Work

While the results are promising, it is essential to acknowledge the limitations of this re-

search, which also define the pathway for future work.
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1. Retrospective Analysis: All methods were developed and validated retrospectively

using pre-recorded iEEG data. While the prediction pipeline was designed to simulate

real-time use (e.g., using a refractory period and session-based cross-validation), its

true performance must be confirmed in a prospective, real-time clinical trial.

2. Invasive Data: The high-fidelity results in this thesis were achieved using invasive

iEEG. This data has a high signal-to-noise ratio but is only available from a small

population of pre-surgical candidates. The generalizability of these specific features

(especially FD-CCM and AMIFD) to non-invasive scalp EEG is not yet known.

3. Limited Cohort Size: Consistent with the challenges of iEEG research, the studies

in this thesis were conducted on limited patient cohorts (N=10 for the core prediction

studies and N=27 for the primary SoZ study). Validation on larger, more diverse

patient populations is required to confirm the broad applicability of these findings.

4. Challenge with novel seizure types: The multi-model prediction framework is

adaptive but still relies on data seen during training. As noted in the analysis,

some missed seizures were novel events—seizure types that were not represented in

the training data. This highlights a fundamental challenge for all patient-specific

models.

7.4 Future Research Directions

The successful validation of these novel frameworks for SoZ identification and seizure pre-

diction lays the foundation for three primary avenues of future work: prospective clinical

validation, methodological integration, and translational expansion into broader clinical

applications.

7.4.1 Prospective Clinical Validation

The most critical next step is to move from retrospective analysis to prospective validation.

• Real-time, Prospective Trial: The gold standard will be to implement the multi-

model seizure prediction framework in a real-time, forward-looking clinical trial. This
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is the only way to truly assess its performance and clinical viability, including its long-

term stability and its impact on patient quality of life.

• Larger, Diverse Cohorts: Both the SoZ identification and seizure prediction

frameworks must be validated on larger, more diverse patient populations. This

will be essential to confirm their statistical power and ensure they generalize beyond

the initial cohorts, which were primarily composed of patients with temporal lobe

epilepsy.

7.4.2 Methodological Integration and Enhancement

This research produced several distinct, high-performance methodologies. The next logical

step is to integrate them and enhance their capabilities.

• Cross-Pollination of Methods: This thesis presents an opportunity to ”cross-

pollinate” its own findings. For instance, the AMIFD biomarker, which proved so

robust for prediction, should be tested as a novel feature for interictal SoZ identi-

fication. Conversely, the dynamic centrality signature used for SoZ localization

could be explored as a powerful, network-based feature for seizure prediction.

• Adaptive Lifelong Learning Framework: The multi-model framework success-

fully addresses known seizure types but is still vulnerable to ”novel” events not seen

in training. A significant future goal is to evolve this into an adaptive ”lifelong

learning” system. Such a system would be designed to detect a novel seizure type,

flag it for clinical verification, and then automatically train and add a new expert

classifier to its ensemble on the fly, allowing the system to learn and adapt to the

patient over time.

7.4.3 Translational and Clinical Expansion

Finally, a major long-term goal is to move these advanced methods beyond the specialized

iEEG environment and make them accessible to a broader patient population.

• Adaptation to Non-Invasive Scalp EEG: A key challenge will be adapting these

frameworks for use with non-invasive scalp EEG. While the high signal-to-noise ratio
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of iEEG was ideal for development, the true translational impact of these methods

will come from their successful application to scalp EEG. The robustness of the

AMIFD feature, in particular, may make it a promising candidate for this difficult

transition.

• Optimized Hardware Implementation: As demonstrated in this work, the com-

putational load of these algorithms is feasible for real-time applications. Future work

should focus on further optimizing these algorithms for low-power, implantable, or

wearable hardware. This would pave the way for a fully contained advisory system,

moving this research from a computational proof-of-concept to a tangible clinical

device.
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Appendix A

Supplementary Information for

SoZ Identification

A.1 HUP dataset: Patient Information

The two chapters dedicated to SOZ identification are based primarily on analysis of a

dataset collected at the Hospital of the University of Pennsylvania (HUP) [157]. Table

A.1 presents a synopsis of patient details, including epilepsy type, iEEG type, and SoZ

location, adapted from [183]. Patients with an Engel I outcome, used for model training,

are indicated with an asterisk (*).

Table A.1: Participant Demographics and Clinical Information

Subject ID Age Sex Outcome Engel Therapy Implant Target Lesion Onset Age

HUP060 42 F F 3A A SEEG FRONTAL n/a 12

HUP064* 21 M S 1D R ECOG FRONTAL L 3

HUP065* 36 M S 1B R ECOG TEMPORAL L 2

HUP070* 33 M S 1B R ECOG FP NL 12

HUP074* 25 F S 1C R ECOG TEMPORAL L 5

HUP075 57 F F 4A R ECOG TEMPORAL NL 52

HUP080 n/a F F 2C R ECOG TEMPORAL NL n/a

HUP082* 56 F S 1A R ECOG TEMPORAL L 34

Continued on next page
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Table A.1 – continued from previous page

Subject ID Age Sex Outcome Engel Therapy Implant Target Lesion Onset Age

HUP086 25 F S 2A R ECOG TEMPORAL NL 17

HUP087* 24 M S 1D R ECOG FRONTAL L 19

HUP088* 35 F S 1D R ECOG TEMPORAL L 1

HUP089 n/a n/a S 1B R ECOG n/a n/a n/a

HUP094* 48 F S 1B R ECOG TEMPORAL NL 20

HUP097* n/a n/a S 1D R ECOG n/a n/a n/a

HUP105* 39 M S 1A R ECOG TEMPORAL L 27

HUP106* 45 F S 1B R ECOG TEMPORAL NL 24

HUP107* 36 M S 1A R ECOG TEMPORAL NL 5

HUP111* 40 F S 1B R ECOG TEMPORAL NL 28

HUP112 21 F F 3A A SEEG FRONTAL L 0

HUP114 n/a n/a F 3A A ECOG n/a n/a n/a

HUP116 59 F S 1A A SEEG MTL L 42

HUP117 39 M S 1A R SEEG TEMPORAL L 12

HUP123 n/a n/a S 1A R ECOG n/a n/a n/a

HUP126 n/a n/a S 1A A ECOG n/a n/a n/a

HUP130* 46 F S 1B A SEEG MFL NL 20

HUP132 n/a n/a F 3A A SEEG n/a n/a n/a

HUP133 52 F F 3A A SEEG MTL NL 47

HUP134* n/a n/a S 1B R SEEG n/a n/a n/a

HUP135 37 M F 2A A SEEG MTL NL 34

HUP138 38 M F 4A A SEEG MTL L 29

HUP139* 20 M S 1A A SEEG PARIETAL L 0

HUP140 47 F S 1B A SEEG MTL NL 26

HUP141* 30 M F 1C A SEEG MTL NL 14

HUP142* n/a n/a F 1D A SEEG n/a n/a n/a

HUP144* n/a n/a S 1D R SEEG n/a n/a n/a

HUP146* n/a n/a S 1A R SEEG n/a n/a n/a

HUP148* n/a n/a S 1A A SEEG n/a n/a n/a

HUP150 17 M S 1B A SEEG INSULAR L 4

HUP151 n/a M S 2A A SEEG MFL NL n/a

HUP157* 25 M S 1B A SEEG MTL NL 16

HUP158 32 M F 3A A SEEG INSULAR NL 7

HUP160* n/a n/a S 1A R SEEG n/a n/a n/a

HUP162 n/a n/a F 3A A SEEG n/a n/a n/a

Continued on next page
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Table A.1 – continued from previous page

Subject ID Age Sex Outcome Engel Therapy Implant Target Lesion Onset Age

HUP163* 42 F S 1D A SEEG MTL NL 32

HUP164* 34 F S 1D A SEEG MTL L 14

HUP165 21 F S 3A A SEEG MTL NL 12

HUP166 n/a n/a S 3A R SEEG n/a n/a n/a

HUP171 50 M F 2A A SEEG FRONTAL NL 6

HUP172 28 F F 2A A SEEG FRONTAL NL 2

HUP173 24 F S 1A R SEEG TEMPORAL L 12

HUP177* 42 F S 1A R SEEG TEMPORAL NL 5

HUP179 20 F S 3A R SEEG FRONTAL L 13

HUP180 28 F S 1A A SEEG FRONTAL L 2

HUP181 31 F S 3A A SEEG TEMPORAL L 16

HUP185* 38 M S 1A A SEEG MTL L 9

HUP187 n/a n/a S 2A A SEEG n/a n/a n/a

HUP188 24 F F 3A R SEEG FRONTAL L 9

HUP190 25 M F 3A R SEEG MTL NL 12

Abbreviations: F (Female), M (Male); S (Successful/Seizure-Free), F (Failed/Not Seizure-Free); R (Resec-

tion), A (Ablation); L (Lesional), NL (Non-Lesional); FP (Frontoparietal), MTL (Mesial Temporal Lobe),

MFL (Mesial Frontal Lobe). * Subject included in the training set.

A.2 Selection of time window for feature extraction

In our endeavor to select the most appropriate time window for feature extraction in Chap-

ter 3, we considered a variety of preictal, ictal, and interictal time intervals, encompassing

solely the ictal 30-second and 45-second windows, 5-minute interictal window, preictal

windows of 30 seconds, 1-minute, and 2 minutes, as well as combined preictal and ictal

windows lasting 10, 20, and 30 seconds and centered around the onset. The results derived

from the FD-CCCM-based EC graph model are detailed in figures A.1 and A.2. Although

the specific values changed slightly for the other two measures, in all three cases, the 30-

second window, positioned around the seizure onset and comprising 15 seconds of preictal

signal followed by 15 seconds of ictal signal, showed a higher average t-value across the ten

features for the two classes. All ten features also exhibited a significant distinction between

the two classes for FD-CCM and nine out of ten features for the other two measures.
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Figure A.1: A bar chart depicting the average t-values of graph centrality features that

exhibit statistical significance (p < 0.05) in Welch’s t-test. This test compares SOZ versus

non-SOZ classes using an FD-CCM-based EC model across various time windows. A higher

t-value suggests enhanced discriminability.
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Figure A.2: A bar chart illustrating the count of graph centrality features with statistical

significance (p < 0.05) in Welch’s t-test. This test compares SOZ versus non-SOZ classes

using an FD-CCM-based EC model across various time windows.



Appendix B

Supplementary Information for

Seizure Prediction

B.1 Algorithms for Seizure Model Creation

This section provides the formal pseudocode for the three-stage process used to create

the patient-specific seizure models. The first stage, Feature Ranking and Weighting per

Realization, is detailed in Algorithm 1. This step employs the MUSE algorithm over mul-

tiple data realizations to identify and weight discriminative preictal features for a single

seizure event. The second stage, Aggregation of Feature Rankings Across Realizations, is

described in Algorithm 2. This step synthesizes the results from the multiple realizations to

create a single, stable, representative feature set for that seizure. Finally, the third stage,

Seizure Clustering into Models, is outlined in Algorithm 3. This algorithm groups indi-

vidual seizures into distinct models based on the similarity of their representative feature

sets, forming the basis for the multi-model classification framework.
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Algorithm 1 Feature Ranking and Weighting per Realization

1: Input: A seizure episode s, preictal feature data X (s)
pre , interictal feature pool Xint pool, number

of realizations R = 100, survival threshold θ = 0.10.

2: Output: For each realization i, a set of top-ranked features F (s)
i and their normalized weights

R(s)
i .

3: for i = 1 to R do

4: Randomly sample interictal data X (s)
int,i from Xint pool.

5: Construct combined feature matrix: X (s)
i ← X (s)

pre ∪ X (s)
int,i.

6: Initialize surviving sample sets Spre and Sint.

7: Initialize F (s)
i ← ∅, and step counter j ← 1.

8: while
|Spre|
|X (s)

pre |
≥ θ or |Sint|

|X (s)
int,i|

≥ θ do

9: Select next best feature F
(s)
j,i using one step of the MUSE algorithm on X (s)

i .

10: Update Spre and Sint by pruning samples based on F
(s)
j,i .

11: Append F
(s)
j,i to F (s)

i .

12: j ← j + 1.

13: end while

14: Identify the dominant (early-stopping) class.

15: Let yj be the survival percentage of the dominant class after step j.

16: for each feature F
(s)
j,i ∈ F

(s)
i do

17: Compute raw reduction: ∆y
(s)
j,i ← y

(s)
j−1,i − y

(s)
j,i .

18: end for

19: Let N
(s)
top,i ← |F

(s)
i |.

20: for j = 1 to N
(s)
top,i do

21: Compute normalized weight: r
(s)
j,i ←

∆y
(s)
j,i∑N

(s)
top,i

k=1 ∆y
(s)
k,i

.

22: Store r
(s)
j,i in R(s)

i .

23: end for

24: end for

25: return {F (s)
i ,R(s)

i }Ri=1



147

Algorithm 2 Aggregation of Feature Rankings Across Realizations

1: Input: Ranked features and weights for all R realizations: {F (s)
i ,R(s)

i }Ri=1.

2: Output: A single representative feature set for the seizure, F̂ (s).

3: Construct the set of unique features: U (s) ←
⋃R

i=1 F
(s)
i .

4: Initialize aggregated weights w(s)(f)← 0 for all f ∈ U (s).

5: for each feature f ∈ U (s) do

6: Calculate aggregated weight: w(s)(f)←
∑R

i=1

∑|F(s)
i |

j=1 I
[
F

(s)
j,i = f

]
· r(s)j,i .

7: end for

8: Determine max number of features: N̂ (s) ← maxi |F (s)
i |.

9: Rank features in U (s) in descending order based on w(s)(f).

10: Select the top N̂ (s) features from the ranked list to form F̂ (s).

11: return F̂ (s)

Algorithm 3 Seizure Clustering into Models

1: Input: Representative feature sets for all seizures: {F̂ (s)}Stotal
s=1 , overlap threshold τ = 0.8.

2: Output: A set of seizure clusters (models), C = {C1, . . . , CM}.

3: Initialize an empty list of clusters, C ← ∅.
4: for each seizure s = 1 to Stotal do

5: Set assigned to cluster ← false.

6: for each existing cluster Ck ∈ C do

7: Pick a representative seizure s′ ∈ Ck.

8: Calculate feature overlap: Overlap← |F̂(s)∩F̂(s′)|
max(|F̂(s)|,|F̂(s′)|)

.

9: if Overlap ≥ τ then

10: Add seizure s to cluster Ck.

11: assigned to cluster ← true.

12: break

13: end if

14: end for

15: if assigned to cluster is false then

16: Create a new cluster {s} and add it to C.
17: end if

18: end for

19: return C
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B.2 Example: Seizure Modeling for Subject (SID 22) Using

MUSE and Feature Clustering

A detailed walk-through of the seizure-specific modeling pipeline applied to Subject SID

22 is presented in this section. The dataset spans 19 days of iEEG recordings, including

5 days on which seizures occurred. Using the MUSE algorithm and a clustering-based

modeling approach, we identify subject-specific seizure models and validate them in a five-

fold cross-validation setting. The data for each fold consists of one seizure day and one or

multiple 24-hour recordings from seizure-free days. Table B.1 describes the metadata for all

seizures recorded from subject SID22, including seizure type, date, and the corresponding

onset and early propagation electrode groups.

Table B.1: Seizure metadata for SID 22, including onset and early propagation electrodes

Sz ID Date Type Onset Electrodes
Early Propagation

Electrodes

Sz1 Day 3 CPS RMT 1 RPT1–4, RAT1–2

Sz2 Day 5 CPS LAT1–4, LMT1–4 LPT1–4

Sz3 Day 6 SPS LAT1–3, LMT1
LPT1–4, LAT4, LMT2–

4

Sz4 Day 7 SPS LAT1–3, LMT1
LPT1–4, LAT4, LMT2–

4

Sz5 Day 20 CPS–GTC RPT1–4
RAT1–4, RMT1–4,

RAP1–4, RPP1–4

Sz6 Day 20 CPS–GTC RPT1–4
RAT1–4, RMT1–4,

RAP1–4, RPP1–4

B.2.1 Cross-Validation Setup (5 Folds)

Subject SID 22 had seizures on five distinct days. In the proposed five-fold cross-validation

scheme, each fold uses one seizure day as the test set and the other four seizure days

for training. The remaining 14 seizure-free days are distributed across folds to simulate

prospective evaluation. One possible data split is described in Table B.2. For the next
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subsections, assume that the algorithm is tested on Fold 1 after being trained on the other

folds.

Table B.2: Five-fold cross-validation structure for SID 22

Fold Test Day
Test

Seizure(s)

Assigned Non-

Seizure Days
Total Test Duration

1 Day 3 Sz1 Days 1, 2, 4
1 seizure + 3 non-seizure

days

2 Day 5 Sz2 Days 6, 7, 8
1 seizure + 3 non-seizure

days

3 Day 6 Sz3 Days 9, 10, 11
1 seizure + 3 non-seizure

days

4 Day 7 Sz4 Days 12, 13, 14
1 seizure + 3 non-seizure

days

5 Day 20 Sz5, Sz6 Days 15, 16
1 seizure + 2 non-seizure

days

B.2.2 Feature Selection Using MUSE: Example using Sz2

For seizure Sz2, MUSE is applied 100 times, each time using a fixed preictal window paired

with randomly sampled, duration-matched interictal segments. In each realization, features

are ranked based on their ability to reduce conditional entropy, and the top N
(s)
top,i features

are selected. The final number of features retained, N̂ (s), is set to 7, corresponding to

the maximum number of features selected in any realization. A representative excerpt

showing selected features and their associated entropy values across realizations is shown

in B.3. Each feature’s overall importance is computed by summing its conditional entropy

contributions across all realizations in which it appeared. Table B.4 lists the top 7 features

and their entropy-weighted scores.
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Table B.3: Excerpt of selected features and entropies across MUSE realizations for Sz2

Realization Selected Features
Corresponding

weights

1

LAT1 Abs Theta, LAT2 Rel Alpha,

LAT3 Ratio (Beta/Theta), LMT2 Ratio (Alpha/Gamma1),

LAT4 Rel Theta

0.23, 0.22, 0.21,

0.20, 0.19

2
LAT1 Abs Theta, LMT1 Rel Gamma1,

LMT2 Ratio (Alpha/Gamma1), LAT4 Rel Theta

0.27, 0.26, 0.23,

0.21
...

...
...

100
LAT2 Rel Alpha, LAT3 Ratio (Beta/Theta),

LMT2 Ratio (Alpha/Gamma1), LMT3 Abs Alpha

0.28, 0.25, 0.24,

0.22

Table B.4: Top features selected for Sz2 based on entropy-weighted importance across 100

realizations

Feature # Realizations

Selected

Cumulative Weight

w(f)

LMT2 Ratio (Alpha/Gamma1) 90 34.2

LAT2 Rel Alpha 85 31.5

LAT3 Ratio (Beta/Theta) 78 28.1

LAT1 Abs Theta 72 25.2

LMT1 Rel Gamma1 65 22.1

LAT4 Rel Theta 60 19.8

LMT3 Abs Alpha 58 18.6

These features are selected as the representative feature set F̂ (s) for Sz2. They consis-

tently appeared across multiple realizations and contributed significantly to class separation

between preictal and interictal windows. A similar entropy-weighted aggregation strategy

is applied to determine representative feature sets for all other seizures for the subject.

Table B.5 lists the top-ranked representative features for all seizures of SID22.
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Table B.5: Top-ranked feature sets per seizure after MUSE aggregation

Sz ID Representative Features F̂ (s)

Sz2
LAT1 Abs Theta, LAT2 Rel Alpha, LAT3 Ratio (Beta/Theta),

LMT1 Abs Delta, LMT3 Abs Alpha, LAT4 Rel Theta, LAT5 Rel Delta

Sz3
LAT2 Rel Alpha, LAT3 Ratio (Beta/Theta), LMT1 Abs Delta,

LMT2 Ratio (Alpha/Gamma1), LMT3 Abs Alpha, LAT4 Rel Theta

Sz4
LAT2 Rel Alpha, LAT3 Ratio (Beta/Theta), LAT4 Rel Theta,

LMT1 Abs Delta, LMT2 Ratio (Alpha/Gamma1), LMT3 Rel Gamma2

Sz5
RPT1 Abs Gamma2, RPT2 Rel Gamma4, RPT3 Ratio (Gamma2/Theta),

RPT4 Abs Alpha, RPT2 Rel Gamma3, RPT1 Rel Beta, RPT3 Abs Theta

Sz6
RPT1 Abs Gamma3, RPT2 Rel Gamma4, RPT3 Ratio (Gamma2/Theta),

RPT3 Abs Theta, RPT1 Rel Beta, RPT2 Abs Theta, RPT4 Rel Beta

B.2.3 Clustering and Model Assignment

Pairwise feature overlap is computed between different seizures, and a threshold of 80% is

applied to define distinct clusters, as shown in Table B.6 and Table B.7, respectively.

Table B.6: Pairwise feature set overlap between seizures

Sz2 Sz3 Sz4 Sz5 Sz6

Sz2 1.00 0.71 0.57 0.00 0.00

Sz3 0.71 1.00 0.83 0.00 0.00

Sz4 0.57 0.83 1.00 0.00 0.00

Sz5 0.00 0.00 0.00 1.00 0.57

Sz6 0.00 0.00 0.00 0.57 1.00

B.2.4 Final Feature Sets with and without Seizure Clustering

Following the clustering of seizures described earlier for Subject SID 22, the final feature sets

corresponding to each seizure model are determined. In the clustered case, representative

features are first identified for each seizure using the MUSE algorithm, then merged across

seizures within the same cluster. This subsection summarizes the resulting model-specific
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Table B.7: Clustering of seizures from training data based on feature overlap

Cluster Seizures Description

A Sz3, Sz4 SPS cluster with consistent LAT/LMT feature signatures

B Sz2 CPS with distinct LAT + LMT pattern

C Sz5 CPS-GTC dominated by gamma and high-frequency power

D Sz6 CPS-GTC with distinct theta and alpha feature pattern

feature sets and compares them to those obtained under a non-clustered approach, in which

MUSE is applied to the pooled training data from all seizures.

Clustered MUSE Feature Selection: Seizures are grouped into four models based on

the overlap of their MUSE-selected feature sets. For each model, a combined set of features

is formed by taking the union of representative features from its constituent seizures. A

total of 28 features are used across all models, of which 19 are unique, as depicted in Table

B.8. Between 7 and 8 features are retained per model.

Table B.8: Feature sets assigned to seizure-specific models under the clustered approach

Model Seizures # Feats. Feature Set (Abbreviated)

A Sz3, Sz4 7

LAT2 Rel Alpha, LAT3 Ratio (Beta/Theta),

LAT4 Rel Theta, LMT1 Abs Delta,

LMT2 Ratio (Alpha/Gamma1), LMT3 Abs Alpha,

LMT3 Rel Gamma2

B Sz2 7

LAT1 Abs Theta, LAT2 Rel Alpha,

LAT3 Ratio (Beta/Theta), LMT1 Abs Delta,

LMT3 Abs Alpha, LAT4 Rel Theta, LAT5 Rel Delta

C Sz5 7

RPT1 Abs Gamma2, RPT2 Rel Gamma4,

RPT3 Ratio (Gamma2/Theta), RPT4 Abs Alpha,

RPT2 Rel Gamma3, RPT1 Rel Beta, RPT3 Abs Theta

D Sz6 7

RPT1 Abs Gamma3, RPT2 Rel Gamma4,

RPT3 Ratio (Gamma2/Theta), RPT3 Abs Theta,

RPT1 Rel Beta, RPT2 Abs Theta, RPT4 Rel Beta
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Non-Clustered MUSE Feature Selection: To establish a baseline, MUSE is also

applied to the entire set of preictal segments pooled across all training seizures, without

clustering. A total of 38 features are selected using the same strategy. This higher num-

ber of features reflects the increased complexity required to model seizure variability in a

unified framework. The selected features are:

LAT1 Abs Theta, LAT1 Rel Delta, LAT2 Rel Alpha, LAT2 Rel Beta, LAT2 Rel Gamma4,

LAT3 Ratio (Beta/Theta), LAT4 Rel Theta, LAT5 Rel Gamma1, LAT6 Ratio (Theta/Delta),

LAT3 Rel Alpha, LMT1 Rel Gamma1, LMT2 Ratio (Alpha/Gamma3), LMT2 Rel Gamma3,

LMT3 Abs Alpha, LMT4 Rel Beta, LMT3 Rel Delta, LMT4 Ratio (Gamma3/Beta),

RPT1 Abs Gamma1, RPT2 Rel Gamma4, RPT3 Ratio (Gamma3/Theta), RPT4 Abs Alpha,

RPT1 Rel Beta, RPT2 Rel Delta, RPT3 Abs Theta, RPT2 AbsTheta, RPT4 Rel Beta,

RPT1 Rel Alpha, LPT1 Rel Delta, LPT3 Abs Theta, RAP1 Abs Theta, RAP2 Rel Gamma2,

RAP1 Ratio (Alpha/Theta), RMT1 Abs Beta, RMT2 Ratio (Alpha/Beta), RPP1 Rel Gamma3,

RMT3 Abs Theta, and LAT2 Ratio (Beta/Delta)

Table B.9: Comparison of feature dimensions and model design between clustered and

non-clustered approaches

Strategy # Models # Total Features # Unique Features

Clustered 4 28 19

Non-Clustered 1 38 38

Table B.9 provides a summary comparison of both approaches, highlighting the num-

ber of models, total and unique features, and representative examples. This comparison

demonstrates that simpler and seizure-specific models are obtained using the clustering-

based approach, with fewer features required to distinguish between preictal and interictal

states. In contrast, the non-clustered model required a larger and more diverse feature set

to generalize across seizure types.
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