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ABSTRAKT

Tato prace se zabyva automatickou detekci vysokofrekvencnich oscilaci jakoZto
moderniho elektrofyziologického biomarkru epileptogenni tkdné v intrakranidlnim
EEG, jehoZ vizualni detekce je zdlouhavy proces, ktery je ovlivnén subjektivitou
hodnotitele. Epilepsie je jednim z nejCastéjSich neurologickych onemocnéni postihujici
1 % obyvatelstva. PrestoZe jsou priblizné dvé tretiny pripadl 1écitelné farmakologicky,
zbyla tfetina pacienti je odkazana zejména na 1écbu chirurgickym zakrokem, pro néjz je
zapottebi presné lokalizovat loZisko patologické tkané. Vysokofrekvencni oscilace jsou
v poslednim desetileti studovany pro jejich potencial lokalizace patologické tkané.
Soucasti této prace je shrnuti dosavadniho vyzkumu vysokofrekvencnich oscilaci
a vycet detektorti pouzivanych ve vyzkumu. V ramci prace byly vyvinuty ¢i vylepSeny
tfi detektory vysokofrekvencnich oscilaci, na jejichZ popis navazuje evaluace z hlediska
shody s manualni detekci, presnosti vypoctu pfiznakl oscilaci a schopnosti lokalizace
patologické tkané. V zavéru prace jsou predstaveny vyvinuté metody vizualizace

vysokofrekvenc¢nich vyskytu oscilaci a stru¢né uvedeny dosazené védecké vysledky.

KLiCOVA SLOVA

Epilepsie, zona pocatku zachvatu, vysokofrekvencni oscilace, detekce

vysokofrekvencnich oscilaci.



ABSTRACT

This work deals with automated detection of high-frequency oscillations as
a novel electrophysiologic biomarker of epileptogenic tissue in intracranial EEG. Visual
detection of these oscillations is a time-consuming process and is prone to reviewer
bias. Epilepsy is one of the most common neurological diseases affecting 1 % of
population. Even though two thirds of cases are successfully treated with anti-epileptic
drugs, the rest of the patients are dependent mainly on surgical procedure, which
requires precise localization of pathologic focus. High-frequency oscillations have been
studied over the last decade for their potential to localize the focus of pathological
tissue. Initial part of this work is a summary of the current state of high-frequency
oscillations research and a detailed list of detectors used in research. Within the scope of
this work three high-frequency oscillation detectors were developed or enhanced. The
description of the algorithms is followed by detector evaluation with regard to the
concordance with expert reviewed events, feature estimation and the ability to correctly
localize pathological tissue. The final part of the work provides an overview of

developed visualization methods and a short summary of achieved scientific results.

KEYWORDS

Epilepsy, seizure onset zone, high-frequency oscillations, detection of high frequency

oscillations.
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INTRODUCTION

Epilepsy is a group of diseases which affect the brain of the patients and
significantly impairs their quality of life and limits them in their everyday activities.
About 60 % of epileptic patients can be treated with antiepileptic drugs, however, the
remaining 30 % of patients have to undergo a surgery to remove epileptogenic tissue
causing their seizures. Even though the surgery is a highly invasive procedure the
positive outcome is never guaranteed due to poor localization of pathological part of the

brain.

Nowadays the localization of the epileptogenic focus is done by a number of
methods, including scalp electroencephalography, magnetic resonance imaging and
neuropsychologic examination. If the results of these examinations are inconclusive, the
patient undergoes an electrode implantation to map the seizure onset zone in the brain.
While seizure onset zone is located in majority of the cases, the resection of the tissue
often does not bring seizure freedom to the patients. Thus, other biological markers of
epileptogenic tissue, which would correctly localize the pathologic tissue, are essential

for good outcome of the surgery.

High frequency oscillations (HFOs) in frequencies ranging from 80 - 600 Hz are
a relatively novel and promising electrophysiological biomarker that could improve
localization of epileptogenic focus and help the physicians minimize the resection area
while achieving better surgery outcome and protecting the functional brain sites
necessary for everyday life of the patient. Apart from being linked to the epileptogenic
foci, they are also present in healthy brain during cognitive processing. Distinguishing
between the physiological HFOs and pathological ones is one of current endeavors of

neuroscientists.

Manual revision and marking of high frequency oscillations is a time consuming
process and is prone to reviewer bias. Moreover, interviewer concordance is often poor
leading to discrepancies in the analyses. Therefore, an objective, robust and fast method
is needed to eliminate the drawbacks of visual detection. Development of such

algorithm is hindered by an unclear HFO definition.



To date a number of detectors based on different HFO features and signal
metrics have been developed but most of them were applied on preselected data sets or
animal recordings solely for research work. Moreover, evaluation of the detectors is not

uniform which makes them nearly impossible to compare.

The aim of this work is to develop and evaluate high-frequency oscillation
detectors that are robust and feasible for clinical application and research. Such tools
could provide physicians with valuable information about the patient's brain and could
improve the well being of patients while reducing the costs of their stay in hospital.
It also allows for studying HFOs in cognition and broadening the knowledge of brain

processing.

Three detectors were developed or improved within this work. One based on
well known line-length metric, second which uses a novel frequency homogeny metric
to overcome effects of Gibb's phenomenon and third based on normalized Hilbert

transformed signals.

All detectors were evaluated from three different perspectives. Agreement
between human scored events and automated detection was evaluated using precision-
recall analysis. Correctness of feature estimation was assessed with the use of artificial
events and comparison of their set features with automatically computed features.
Lastly, the ability of the detectors to correctly localize pathological tissue was measured
using pathological channels marked by expert reviewers and resected areas in patients

with good surgical outcome.

To provide clinicians and researchers with information about HFO occurrence
and their features three visualization methods developed for this purpose are presented.
One is based on HFO rates in individual frequencies, other uses MRI scans to
simultaneously provide information about the anatomy of the studied brain and the last

one providing information about HFO rates, their features and brain connectivity.

The results of this work are currently being used in St. Anne's University
Hospital in Brno, Czech Republic and Mayo Systems Electrophysiology Laboratory at
Mayo Clinic, USA. Further work will focus on algorithm optimization, on-line

implementation and HFO clustering.



1 EPILEPSY DIAGNOSTICS AND
MARKERS

Epileptic seizures and epileptic syndromes have high prevalence and incidence
rates affecting both sexes, all ages and all races. Their estimated incidence ranges
between 0.5 % and 1 % [1]. They constitute an important part of everyday neurological
practice and are listed among the most frequent neurological diseases along with

Parkinson's and Alzheimer's disease.

Epilepsy is not a single disease entity but rather a group of many syndromes and
diseases that have a multitude of various manifestations and causes. Therefore, the
definition of epilepsy is not clear and there is no consensus. The newly proposed
definition by International League Against Epilepsy is: “Epilepsy is a disorder of the
brain characterized by an enduring predisposition to generate epileptic seizures and by
the microbiological, cognitive, psychological and social consequences of this condition”
[2]. This definition requires the occurrence of at least one epileptic seizure with the
precondition that it is in association with an enduring disturbance of the brain capable of
giving rise to other seizures. This proposal has been, however, criticized by lead

epidemiologists.

1.1  Epilepsy throughout the history

Epilepsy has been known for at least 3000 years [3]. In the past epilepsy was
considered to be something supernatural, daemonic or divine, due to inexplicable causes
of the disease. Hence, the common people of the time gave the disease names like
“Sacred disease” or “God's disease”. The perception of epilepsy as a god's punishment
led to similar irrational ideas about its treatment. Common middle-age treatment

included herbal teas often prepared in special conditions and during special rites [4].

Even though epilepsy was considered sacred, some philosophers and doctors

studied epilepsy and claimed that epilepsy has organic causes rather than divine. Among



them for example a Greek philosopher Hippocrates who stated that: ”Epilepsy is
a natural rather than divine disease. The seizures begin in the brain.” or a Swiss
German alchemist Paracelsus: ”Epilepsy is an organic rather than mythic disease. Even
animals can suffer from epilepsy. The causes of the disease are not always treatable but

the symptoms are.”[4]

The invention of electroencelphalography (EEG) by Hans Berger in 1924 led to
better understanding of epilepsy and confirmed its localization in the brain. EEG is still
the most used technique in diagnosis and management of epilepsies but fast emerging
field of neuroimaging enables physicians to deeper understand the processes in the brain

as well as the underlying pathologies of epilepsy.

1.2 Epilepsy treatment and pharmacoresistant epilepsies

The ultimate aim of epilepsy treatment is total seizure freedom with no clinically
significant adverse effects. This is nowadays broadened to include optimal outcomes of
health-related quality of life with regard to physical, mental, educational, social and
psychological state of the patient. The majority of epilepsies are successfully treated
with anti-epileptic drugs (AEDs) in continuous prophylactic schemes with drug
mixtures tailored to each patient. However, AEDs are ineffective for about 20 % of
epileptic patients. These patients are candidates for neurosurgical interventions, other

pharmacological or non-pharmacological treatments.

The surgical treatment of drug-resistant epilepsy has become increasingly more
valuable and often life-saving due to recent advances in structural and functional
neuroimaging, EEG monitoring and sophisticated surgical techniques. The outcome of
surgical methods has improved dramatically for both adults and pediatric patients. Early
successful surgical intervention might prevent or even reverse the disabling
psychological consequences of uncontrolled seizures during critical periods of
personality development. Despite the advances and better outcomes, surgery in
epilepsies is often not performed or delayed due to fear of patients or physicians about
the surgery. The surgery is then often substituted with newer AEDs, vagus nerve
stimulation or deep brain stimulation devices which, however, often fail to deliver

appropriate medical treatment [5].



A successful surgical intervention requires the epileptogenic tissue to be well
localized, and located in the brain area that can be removed safely without significantly
impairing the normal function of the brain. The correct localization of the pathological
tissue is often crucial for the surgery to have a good outcome by achieving seizure
freedom for the patient. Despite the development of neuroimaging diagnostic methods,
additional information is often needed to better localize the focus of epileptic seizures.
This information is provided by the intracranial EEG (iEEG) which involves highly
invasive, albeit necessary, craniotomy procedure or access to the brain through holes

drilled in the skull and implantation of depth or/and subdural electrodes.

1.3  Epilepsy diagnostic tools and epilepsy markers

Medical technologies have an increasing impact on diagnosis and treatment in
all areas of medicine. More so on epilepsy where the use of technologies is inevitable
due to relative inaccessibility of the brain. Nowadays epileptologists have a wide array
of methods to choose from but not all of them are suitable for epilepsy diagnostics. This

section discusses the technologies used in clinical practice as well as in research.

1.3.1 Neuropsychological testing

Neurophysiological testing is nowadays an established method for examination
of surgical candidates. The role of this examination is mainly to evaluate cognitive
deficits related to epilepsy. However, a standard battery of tests is not defined. Such
battery should cover at least one test targeting: episodic memory, executive function,

language, visuoconstructional functions, psychomotor speed, speech, and attention [6].

1.3.2 EEG and video-EEG in epilepsy diagnosis

EEG methods are a well established tool in neurology and are commonly used

for brain diagnostics.

The classical EEG, which is entirely harmless and relatively inexpensive, is the
most important investigative tool used in diagnosis and management of epilepsies. The

EEG is indispensable in the correct diagnosis of the type of epileptic seizure or the



syndrome these patients may have. Nowadays the EEG is an integral part of epilepsy

diagnostic process and is mandatory for all patients with epileptic seizures.

Unlike conventional EEG, video-EEG is the means of reaching an
incontrovertible diagnosis if clinical events occur during the recording. These may be
incidental or predictable based on circadian cycle or triggering stimuli. Video-EEG
machines are becoming affordable mainly due to advances in digital compression and
storage technology. The main reason to use video-EEG is to capture minor symptoms

which might have clinical value but are hard to notice by medical staff.

1.3.3 iEEG in pharmacoresistant epilepsies

Compared to the two above mentioned methods iEEG is highly invasive and
expensive. For this reason it is solely used in patients with pharmacoresistant focal
epilepsies as a method for precise localization of epileptogenic focus. The implantation
of iEEG electrodes is preceded by classical EEG evaluation and neuroimaging
techniques. When the rough focus localization is achieved the patient undergoes
an implantation surgery. Once implanted the electrophysiological signals can be
recorded directly from the brain tissue allowing for an in-depth evaluation of small

areas of the brain and precise localization of seizure onset zone (SOZ).

The indubitable advantage of this approach is the direct contact with brain tissue
and possibility to record signals which are impossible to be captured with conventional
EEG or neuroimaging [7]. Apart from seizures themselves there are a few interictal
biomarkers of epileptogenic tissue. Widely accepted biomarkers are epileptiform spikes
and sharp waves. These interictal EEG signatures of epileptic brain are generated by the
paroxymal discharge of large neuronal populations and are highly specific for epilepsy
[8]. Apart from interictal epileptiform discharges (IEDs), recent studies suggest that
HFOs are an interictal signature of epileptogenic networks. While IEDs are specific for
epileptogenic brain, they are not an ideal biomarker because they are only loosely
related to disease activity unless accompanied by other phenomena [9]. They are not
a good indicator of seizure occurrence and do not fluctuate as seizures do in relation to
AED treatment [10]. Since HFOs are the focus of this work their clinical value and

characteristics are described separate chapter (3).



1.3.4 Neuroimaging in epilepsy diagnostics

Modern structural and functional brain imaging has had a huge impact on
diagnosis and managements of epilepsies. The enormous amount of anatomical and
metabolic data has led to greater insights into pathophysiology underlying symptomatic
epilepsy and can contribute immensely to the elucidation of the various forms of

epilepsies.
MRI

Magnetic resonance imaging (MRI) is the superior of all structural imaging tools
in terms of epilepsy. MRI abnormalitites are present in 80 % of patients with refractory
focal seizures and 20 % of the patients with single unprovoked seizures or epilepsy in
remission [5]. MRI is greatly superior to computed tomography (CT) with regard to its

sensitivity and specificity for identifying subtle abnormalities.

In case the lesion is found the patient has an increased chance of achieving
seizure freedom after a correct resection [11]. To achieve a correct MRI evaluation, two
main conditions have to be fulfilled. First, the MRI scan has to be evaluated by
an experienced neurologist. It has been proved that the chance of discovering
an abnormality on a standard MRI is 50 % when assessed by and expert compared to a
non-expert neuro-radiologist whose chance is only 40 %. Second, the MRI protocol
should be tailored to epilepsy. Using a tailored MRI measurement protocol the chance
of expert neuro-radiologist discovering a lesion is substantially increased to 90 % [12].

Such protocol was proposed by Wellmer et al. [13].
Computed Tomography

CT can be used for detection of gross structural lesions but, as stated above, will
miss small lesions, including tumors, vascular malformations, hippocampal sclerosis
and most malformations of cortical development [5]. Nevertheless, CT may be
occasionally useful when MRI is not readily available or cannot be performed for
technical reasons (i.e. implanted cardiac pacemakers, cochlear implant or even iEEG

electrodes).



Positron emission tomography

Positron emission tomography (PET) is an important functional imaging method
for evaluation of SOZ localization. In common practice, interictal PET is done with
a glucose analogue substance, namely fluorine-18fluorodeoxyglucose, used as a tracer.
The tracer is an indirect marker of neuronal activity. In interictal PET images
epileptogenic area appears as hypometabolic area. PET can be evaluated by simple
visual analysis, however, the results are known to be associated with significant
variability between investigators. To overcome this problem, two approaches have been
developed. First, comparison of glucose metabolic rate in the region of interest to
control group dataset. Second, voxel-based approach using statistical parametric

mapping and asymmetry index [14, 15].
Single photon emission computed tomography and SISCOM

Single photon emission computed tomography (SPECT) with cerebral blood
flow agents is useful for supporting the localization of focal epilepsy when it is
performed in a carefully monitored ictal or early post-ictal examination compared with
inter-ictal scan. This may be used as part of pre-surgical evaluation and help guide the
placement of iEEG electrodes if other data, including structural imaging, are equivocal
or not concordant. In apparently generalized epilepsies, ictal SPECT may be helpful to
identify a focal component. In interictal periods the SOZ area show hypoperfusion of
the tissue, contrary to hyperperfusion at the beginning of seizures and during seizures.
A common technique, which utilizes this effect to improve the anatomical determination
of the abnormalities in cerebral blood flow, is the co-registration of interictal with either
ictal or post-ictal SPECT images with a patient's MRI which forms Substraction Ictal
SPECT Coregistred to MRI image commonly referred to as SISCOM. An example of
such image is in Figure 1. Even though is method showed good correspondence with

SOZ, there are some factors limiting this method [16].



Figure 1: Ictal difference image of epileptic brain.

The image shows ictal difference image with areas highlighting neuronal
desynchronization (blue) and neuronal synchronization (orange). The cross is

placed in the area of seizure onset zone.

Functional MRI and Magnetoencephalography

Functional MRI (fMRI) is not currently indicated for clinical reasons. However,
this situation is changing and in many epilepsy centers fMRI of the blood oxygen level-

dependent contrast is being used to localize the functional areas of the brain.

Magnetoencephalography (MEG) is a promising non-invasive and non-
hazardous technology of functional brain mapping that is still in development. It is used
to identify both normal and abnormal brain function. MEG records externally, from the
scalp, the weak magnetic forces generated by neuronal electrical activity of the brain.
It provides localized cortical areas with a great degree of accuracy, generating maps

with high spatial and temporal resolution.



2 INTRACRANIAL EEG SIGNAL

Intracranial EEG signal differs form the classic scalp EEG in numerous ways.
First of all, the size and shape of iEEG electrodes is adjusted to their application in the
brain. Compared to scalp EEG, where summarized local field potentials are recorded,
the smaller sized intracranial electrodes allow for recording brain activity directly at the
source, which can be at the surface of the brain (subdural electrodes) or in the deeper
structures of the brain (depth electrodes). Due to its highly invasive nature, the number
and position of electrodes is determined solely by clinical needs which leads to only
limited spatial sampling of the iEEG signal and could also lead to an imprecise
placement of electrodes, thus missing the epileptogenic focus. Since the iEEG signal is
recorded directly from the tissue, low amplitude high frequency signals can be acquired
because they are not damped by the skull. That requires appropriate recording device
with sufficient sampling frequency, quantization step and dynamic range. Intracranial
EEG signals do not suffer from myopotential noise as much as scalp EEG, nonetheless,
given their low amplitude they are more prone to environmental noise such as produced
by leads in walls and surrounding devices. In this regard, the methodology, reference
and the environment where the recording takes place, are essential for signal quality and

subsequent processing.

2.1  Source of iEEG signal

Compared to conventional scalp EEG intracranial EEG signal is recorded from
much smaller area and at the source of the signal. The signal recorded by clinical macro
contacts consists mostly of local field potentials (LFPs) but can be influenced by far

field potentials (FFPs) as well.

Despite extensive research the origin of local field potentials is still not well
understood. However, recent findings suggest that the LFPs are mostly produced by
synaptic currents and their return currents. Another factor contributing less to the final

signal are spikes generated by neurons[17]. LFPs appear to be generated mainly by
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synaptic inputs and associated return currents. The position of the electrode with regard
to neuronal cells in crucial in this regard. Signal recorded near the soma of a neuron can
have different shape, amplitude and polarity than the signal recorded from the dendrite
tree of the neuron [17]. Although, LFPs signals are dominated by the synaptic activity,
other phenomena such as spikes produced by sodium channels. The locality of the LFP,
that is, the network activity generating the signal is still not fully understood. Studies

carried out to shed light on this problem yielded conflicting results [17].

When analyzing both EEG and iEEG, brain tissue characteristics should be
taken into account. A well documented volume conduction problem is caused by
anisotropic characteristics of brain tissue, which has different conductivity in different
areas of the brain and is also influenced by age, disease state and environmental factors.
When localizing the source of the signal, volume conduction can significantly distort
the results. More so in iEEG, where implantation of electrodes creates an abnormal
environment for the brain [18]. Apart from the holes in the skull necessary for electrode
implantation, the areas around electrodes show traces of microhemorrhages and the
body reacts to an alien object in the body by scaring and inflammation [19]. This can
further enhance the effect of volume conduction by creating a layer of liquid along the

electrodes.

2.2  Intracranial electrode types

An important aspect with an impact on the acquired data is the electrode shape,
size and implant location. Intracranial electrodes can be divided into two basic

categories based on their implantation site:

* Subdural electrodes — have the shape of small disks that are placed under the
dura mater onto the neocortex in form of arrays as grids or strips (Figure 2). The
main drawback of this type of electrodes results from the method of
implantation which requires craniotomy. The contact between the electrode and
the tissue is often drying out which results in worse signal transmission and
introduces noise into the recording even though the implantation area is kept
moist by the medical staff. While craniotomy might seem as a highly invasive

approach the implantation has lower risks than the use of depth electrodes.
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* Depth electrodes — are commonly placed on a flexible plastic wire (Figure 3).
They are inserted directly into the brain tissue, therefore avoiding the drying out
drawback of the subdural electrodes. This results in better signal to noise ratio.
Depth electrodes can be inserted into deep structures to record from a close
proximity of the source. This leads to risk of blood vessel rupture during

implantation, which is around 2 % [20].

Electrode types can be further divided into clinical macro-electrodes and
research micro-electrodes. While the first type is used in clinic regularly the latter serves
mainly for research purposes. The differences in signal stem from the size of the
electrode as well as from the size of the tissue they record from. The macro electrodes
have size of about 10 mm? and record from ~1000 neurons while micro electrodes
record 100 — 10 neurons with the diameter of approximately 40 pm. Micro electrodes on
subdural grids are in form of miniscule discs in spaces between clinical macro contacts.
Micro contacts on depth electrodes can have two forms — shafts, which are embedded
between the clinical macro electrodes in a circle around the needle, or bundles, which
have a form of microwires at the tip of the depth electrode. Because of their small size
micro electrodes can record single unit activity. The physical size of the micro
electrodes is ~10 times smaller than of the macro electrodes which makes their
implantation challenging as well as makes them prone to noise due to weak signals they

record.

Even though intracranial electrodes present a unique opportunity to record
electrical brain activity directly from the source, the spatial resolution of the acquired
signal is unsatisfactory due to electrode placement, which is directed solely by clinical
decision. The optimal electrode cross-section and spacing for mapping epileptic brain is

still not known.
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Figure 2: Types of subdural, non-penetrating electrodes.

(A) Implant of hybrid subdural electrodes. (B) Hybrid subdural electrode grid
composed of 24 clinical macroelectrodes. (C) Schematics of electrodes shown in (B)
with macroelectrodes marked in blue and intercalated microelectrode arrays in red. (D)

Flexible thin film electrodes with integrated electronics and 10um electrode spacing.[7]
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Figure 3: Penetrating depth electrodes.

(A) Schematic of penetrating depth electrode with 8 macroelectrodes in blue and
microelectrodes in red on the tip and embedded into the shaft between the
macroelectrodes. (B) Enlarged depth-electrode tip showing 40 um diametr wires exiting
the tip. (C) MRI showing implanted depth electrode into temporal lobe structures. (D)
Utah array composed of 100 microelectrodes that penetrate the cortex. (E) Thubtack
microelectrode array that penetrates the cortex. The microelectrodes are in an array

along the shaft.[7]
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2.3 Intracranial EEG recording devices

Even though a standard EEG recording device can be used to acquire iEEG
signals, it has a significant impact on the recorded data due to the high frequency and
low amplitude nature of the data. The basic characteristics such as sampling frequency,
bit depth and dynamical bandwidth play a crucial role in iEEG signal acquisition. Low
sampling frequency restricts the frequency bandwidth for analysis, high bit depth is
necessary to correctly record low amplitude events and dynamical bandwidth is

necessary to avoid signal saturation.

Historically, sampling frequencies of iEEG acquisition systems were set to
record well known Berger bands — delta (0.1 — 3 Hz), theta (4 — 7 Hz), alpha (8 — 15 Hz)
and beta (16 — 31 Hz) rhythms. Recent studies, however, revealed that gamma
frequencies (25 — 80 Hz) as well as high-frequency oscillations are involved in
cognitive function and pathology [10]. This has led to increase of sampling frequencies
in clinical acquisition systems up to 32 kHz to allow for analysis of high frequency

components of iEEG signals.

Due to 1/f nature of EEG the bit depth of recording devices had to rise according
to sampling frequency. High-frequency oscillations can exhibit amplitudes as low as

100 pV. In cutting edge devices the bit depth is 24 bits.

The quality of individual hardware components is essential since they can
produce artifacts into the acquired data and therefore complicate the subsequent signal
analysis. In case of HFOs this often leads to many false positive detections and could

potentially cause an incorrect localization of pathological tissue.

One of the most common machine artifact results from lost bits during the
recording. That creates a delta function in the data. Since frequency decomposition of
a delta function contains all frequencies the artifact poses a problem when filtering the

data because it creates higher amplitude of the filtered signal at the artifact position.
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2.4  Methods of intracranial data acquisition

However, recorded signals are not subject only to technical differences. Data
acquisition methods as well as the environment in which the signal is acquired play
an important role. Some epilepsy centers record iEEG signals in clinical wards without
giving any further instructions to the patient. Such signals are often degraded by
ambient noise produced by other medical devices or by patient's movement. By
instructing the patient to lay still and using shielded rooms can immensely improve the

quality of the data which is the key to valid analysis.

Apart from the ambient in which the signals are acquired the brain state plays an
important role. Implanted patients often undergo some kind of brain stimulation for
basic research such as visual or motor tasks. Brain stimulation can influence the
occurrence of biological markers. Another physiological state that is known to have
an impact on electrophysiological markers is sleep. The depth of sleep changes power of
frequencies in recorded signals and is closely linked to electrophysiological signals,

especially HFOs [21].

While brain states define the temporal changes in the data, anatomical location
of implanted electrodes defines the spatial differences and influences the data due to
neuronal wiring of the brain and distinctive histological tissue. Archicortex and
especially hippocampus are known to produce more HFOs and are more epileptogenic

than neocortex [22].

2.5 Reference electrodes and montages

Reference for iEEG signal acquisition as well as used electrode can have a
significant impact on the recorded data. Chosen recording reference and montage
depends on the historical needs of the institution, available equipment and requirements

on the recorded signal.

So called unipolar or referential montage can be applied in a few different ways
by choosing the reference electrode. This type of montage is typically used for clinical

recording. There is no universal reference and each approach has its advantages and
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disadvantages. Virtual reference is used as the average signal of all recording channels.
While this reference makes the individual lead signals more resistant to low-amplitude
noise it can cause propagation of high-amplitude noise or pathological signal, such as
seizure, from one lead to the rest of the leads making it somewhat more difficult to
locate SOZ. Another approach, which is more traditional, is to use one reference
electrode on the scalp or ear lobule. This reference method is prone to introducing

outside noise, such as movement, from the reference lead.

A not so common approach is to choose a reference electrode or an average from
number of contacts located in the area of the brain that is not very active, typically the
white matter. Myopotentials and ambient noise are reduced by this configuration but
some basal activity from the white matter is introduced into the recording. Moreover,
this approach requires localization of contacts in MRI images by clinicians. Such

configuration produces true unipolar intracranial EEG data that are suitable for research.

Biopolar montage utilizes two electrode contacts in the brain, which are usually
spatially close to each other, by comparing their electrical potential. This approach
creates a signal that is a product of local field potentials between those two electrodes.
This montage is often used for studying a specific area of the brain such as motor cortex

or limbic system during cognitive tasks.
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3 HIGH-FREQUENCY OSCILLATIONS

High-frequency oscillations (HFOs) are electrophysiological phenomena visible
in EEG signals with frequencies above the usual clinical range of analysis, so called
Berger bands [10]. Since their initial description in 1992 [23] HFOs have been
intensively studied as biomarkers of epileptogenic tissue and as signs of cognitive

functions.

3.1 High-frequency oscillation characteristics

HFOs were first described in hippocampus of freely behaving rats as
a physiologic phenomenon. They were named ripples with their frequency band ranging
from 80-200 Hz [23]. Later, the same group of scientists described another type of
HFOs in epileptic rats which were called fast ripples due to their high frequency bands
200-600 Hz. This early investigations led to the first human wide bandwidth recordings.
Similar to the model of epileptic rats both ripple and fast ripple oscillations were
identified in human epileptogenic hippocampus. A typical HFO appearing in iEEG
signal is depicted in Figure 4 [10].

It should be noted that HFO definition as well as the definition of ripples and
fast ripples, which is crucial for creating a gold standard dataset and development of
automated algorithms, varies in literature. The duration of HFOs is often defined as
a short transient event without any further specification of duration or only as duration
range in a broad frequency band. However, some studies do mention HFO duration in
number of cycles, 5 to 15 oscillations [23]. The frequency bands in which HFOs are
defined also differ in publications, 80 — 500 Hz [23, 24], 100 — 500 Hz [25, 26],
100 — 600 Hz [27], 100 — 800 Hz [28]. Due to this vague definition, it is hard to make
valid comparisons across studies and HFO detection algorithms since each of them was

developed for detection of slightly different graphoelements.
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Figure 4: Representative examples of HF Os.

Each plot shows two views of HFOs in 300ms window: (A) unfiltered iIEEG with an
HFO located in the center ~150 ms, (B) spectrogram (2.6 ms window). (1 & 3) Typical
HFOs in fast ripple range. (2) Typical HFO in ripple range. Amp: Amplitude, Freq:
Frequency [10].

Some recent studies also suggest that HFOs are occurring at frequencies above
the FR range ( > 1000 Hz), labeled ultra- or very-high frequency oscillations, but are
deemed to be a different pathophysiological phenomenon [29].

3.2  Current state of HFO research in cognition

Ranging from 80 to 600 of cycles per second, HFOs are likely to bridge the local
action potential firing of individual neurons with the large-scale interactions of neuronal
networks. HFOs are, therefore, increasingly recognized for their potential to
complement the animal studies of single-unit mechanisms underlying cognition and the

human cognitive experiments using non-invasive imaging techniques [30, 31].

Studies of HFOs in cognition have largely focused on frequencies of the gamma
range up to 120Hz which overlaps with the reported ripple frequencies. They are
induced in the sensory as well as higher order processing areas, driven by bottom-up
and top-down mechanisms, respectively, and have been associated with formation of

perceptual and memory representations in humans[32]. Nevertheless, neuronal
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interactions are known to extend beyond the classic gamma oscillations, e.g.
synchronous firing of neuronal populations was shown to correlate most strongly with

the 80-200Hz frequencies [33].

Much less is known about the roles of HFOs in the ripple, fast ripple and novel
very high-frequency oscillations bands (125-1000Hz) during cognition. The underlying
mechanism of ripple is believed to be discharges of synchronized firing between
specific neuronal ensembles, mainly occurring during states of rest and sleep [23]. In
sleep, ripples were shown to comprise sequential firing of specific hippocampal
assemblies that were active during preceding behavior in rats [34]. This 'replay' of
activity, observed also in reverse order and during quiet wakefulness, was initially
proposed to underlie memory consolidation but recent evidence suggests an active role
in decision-making [35]. Interestingly, ripples were shown to be generated by the same
neuronal networks and mechanisms as the gamma oscillations [36]. Whether the human
ripple-frequency HFOs support the same function as the hippocampal sharp-wave ripple
complexes in rodents remains to be established, as well as the role of cortical
oscillations in the ripple frequencies. At least one study suggests involvement of rhinal

cortical ripples in human memory consolidation [37].

Network oscillations recorded in the highest fast ripple band of HFOs (250-
1000Hz) were so far predominantly associated with pathological network activity in
epilepsy [10, 38, 39]. Increasing evidence, however, suggests existence of
physiologically-induced HFOs beyond the gamma and ripple bands reported in human
behavioral tasks [40]. The role of these fast ripple HFOs in brain functioning remains to

be explored, as is their relationship to the well described gamma and ripple oscillations.

3.3  Current state of HFO research in epilepsy

HFOs have been investigated in number of human studies, all of which
confirmed the link between higher HFO rates and pathologic brain
[38][25][41][26][42][24][43][44][45][46]. Unlike spikes, which are deemed to be
another less specific biomarker, HFOs have been proven to better localize pathological
tissue [24]. Studies investigating the relation of post surgical persistent seizures and

areas with present pathological HFOs showed a better surgical outcome when the area
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of the brain with HFOs was resected [47][48]. All of these studies, however, evaluated
HFOs only in limited number of patients (~10) and/or reviewed only short segments of
iEEG which lowers their statistical power. Most of the studies are also based on visual
identification of HFOs which is a time consuming process, can introduce human bias
into the results and is not feasible for large data sets. Lastly, results of HFO studies are
often reported relative change of HFO rate in SOZ rather than absolute HFO rates
which are not suitable for prospective studies, thus cannot be translated into clinical

environment.

It has been proved that HFOs are also a physiologic phenomena naturally
occurring in normal brain and are believed to be important for consolidation of memory
[23][38]. The ability to distinguish between pathologic and physiologic HFOs might
further improve localization of pathologic tissue. Nonetheless, it still remains unclear
how to distinguish between these types of HFOs [39] even though some studies laid

solid foundations for achieving this goal.

Another factor influencing HFO rate are different anatomical structures of the
temporal lobe. The hippocampal structures are known to be more epileptogenic than
others and they have been also proved to produce physiological HFOs [23]. Even
though these facts are well known, most of the studies evaluate HFO rates in only one

structure or disregard brain structures altogether.

Some attention has been given to the relation of HFOs and the behavioral state
of the patient. Changes of HFO rates have been reported both during cognitive
stimulation and during slow wave sleep [49][50][44]. The cognitive stimulation tasks,
inducing cognitive processing in the brain, such as the odd ball task or picture
presentation have been proved to reduce pathological HFOs and epileptic activity

[40] whereas the slow wave sleep rises the HFO rate in the epileptic lesion [44].
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4 DETECTION OF HIGH-FREQUENCY
OSCILLATIONS

4.1 Why is objective HFO detector needed?

Even though HFOs have been studied for over a decade a clear definition of
HFOs is still to be determined. For this reason, expertly reviewed HFOs are considered
to be a gold standard. Nonetheless, this approach remains a flaw in the current
methodology. Not only is the detection of HFOs based on subjective visual review
inevitably biased but the inter-reviewer concordance can be poor [51]. Moreover, visual
detection is a time consuming process which does not allow for implementing this
approach for big data sets or online detection in OR. This methodological weakness
could be overcome by implementing a reliable automated HFO detection and thus

achieving consistent and objective results.

Apart from removing human factor from the HFO detection the ability to
distinguish between particular HFO types is needed to achieve better localization of
pathological tissue and to broaden the knowledge about the relationship between HFOs
and cognition, behavioral states and anatomical structures. To date the main HFO
separation was based on their frequency and amplitude. So far, as mentioned in section
2, separation into two groups based on frequency has been accepted. One group of
HFOs was named ripples (80-200Hz, amp) and the second fast ripples (200-600Hz,
amp)[23]. While this distinction is sufficient for some areas of the brain the underlying
mechanisms of pathological and physiological HFOs still remain unclear and may vary
in different brain structures and behavioral states. Another possible distinctions may be

based on different features as in [52, 53].
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4.2 HFO features

Generally the detection of a graphical element in a signal requires definition of
its features. The features can differ significantly based on anatomy or whether the tissue

is pathologic or not [52].

The three most obvious and most common features used in EEG processing are
amplitude, duration and frequency. HFOs are a short-duration, high frequency events

standing out from the background so all these features can be utilized for their detection.

Amplitude is often calculated from filtered signal, that has been further
processed by for example root mean square sliding window or Hilbert transform and
usually normalized. Such amplitude calculation is indirect and relative to the
surrounding signal. An approach to calculate the amplitude of the event is during the
post processing stage once the HFO is detected. The detection can be linked back to the
raw signal and absolute amplitude in pV can be calculated. This value reflects the
underlying biophysical processes more precisely than relative amplitude but can be

influenced by noise, reference electrode and etc.

HFOs are wave like graphical elements. Thus, their frequency is linked to their
duration through number of cycles. The definition of how many cycles an HFO should

have is unclear since it varies in literature, especially the lower boundary.

Apart from the features resulting from the basic characteristics of the signal,
additional, more complex, features can be estimated. These features are numerous but in
general they often utilize either amplitude ratios, comparisons of parts of frequency

spectra or signal entropy (see section 4.3).

4.3 HFO detectors developed to date

As a result of unclear HFO definition, the detectors designed by different groups
are optimized using different filter and threshold settings according to their own
definition of HFO. However, every detector designed to date utilizes a method that
preprocesses the signal by applying frequency filters, calculates the energy of the

filtered signal and pick candidate events as those exceeding the set statistical threshold.
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Such assumption is correct for the most data sets. Nevertheless, it might fail in very
active channels such as those located in seizure onset zone (SOZ) of epileptic tissue,
where normalization of the signal can lead to lower sensitivity due to very high
incidence of HFOs, therefore only HFOs with high energy get detected. Contrarily, in
low active channels, such as those in white matter, the signal normalization can have the
exactly opposite effect and result in lower specificity by detecting false positive events
because only slight changes in signal power can exceed chosen threshold. Possible
solution is to detect baseline segments (“segments with no oscillatory activity of any

kind”) and determine the statistical thresholds based on these segments [54].

The sensitivity and specificity of HFO detectors is often defined on gold
standard detections produced by visual review but the approaches of calculation vary.
Some authors detect HFOs with very low threshold to achieve 100 % sensitivity. These
detections are then accepted or rejected by reviewers. This approach is problematic
because it creates a bias in favor of the detector. Another approach is to manually mark
HFOs without any previous detection. In this case the reviewers are blinded to HFOs
detected by the detector but the definition of true negative instances becomes an issue. A
possible solution is to mark inter-event intervals as negatives but this usually leads to
very low specificity of the detector. Due to these differences, sensitivity and specificity

from different works cannot be directly compared.

The characteristics of detectors are chronologically listed below according to the

groups that developed them. A comprehensive summary is in Tab. 3.1.

Staba et al. [2002]

The detector designed by Staba et al. adopted the moving average of root mean
square of the preprocessed signal as the energy metric [41]. The preprocessing stage
involves band-pass filtration of iEEG signal (100-500 Hz). The metric threshold was set
to 5 standard deviations above the mean of the whole signal. Events shorter than 6ms
were disregarded and events less than 10ms apart were regarded as one HFO. The
reported sensitivity of this algorithm was 84 %. The algorithm was originally developed

for micro-electrode recordings in rats and humans.
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Nelson et al. [2006]

Nelson et al. [55] suggested a detector using the energy metric called Teager
energy which was initially designed for applications in acoustics [56]. In their
experiment the signal was filtered by a Butterworth filter, however, the cut off
frequencies were not reported even though the frequency setting is crucial. No
sensitivity or specificity results were provided. The Teager energy metric was suggested

for rat micro-wire recordings.

Gardner/Worrell et al. [2007]

Gardner et al. [51] developed a detector based on line length of the iEEG signal
originally designed for detection of high-gamma events and subsequently used for
HFOs [42]. In the preprocessing stage the signal was filtered by a Butterworth band
pass filter (30 — 100 Hz [51], 80 — 1 kHz [42]). The statistical threshold was set to 95
percentile of the given statistical window (3 minutes). The sensitivity of this detector
was reported to be 89.5 % [51]. The recordings for which this detector was designed

were micro as well as macro-electrode human iEEG [51].

Crepon et al. [2010]

Amplitude envelope of filtered iEEG signal calculated by Hilbert transform was
used in semi-automated detector designed by Crepon et al. [46]. The band pass filter
used in preprocessing was set to 180 — 400 Hz. Putative HFOs were detected as 5 SDs
of iEEG signal amplitude. The detector was developed for HFO detection in human

macro-electrode depth and strip recordings.

Zelmann et al. [2010]

In contrast with the previously described algorithms Zelmann et al. [54] created
an algorithm that uses previously detected background activity to calculate the signal
statistics rather than considering signal surrounding HFOs as background. The filter

settings were confined to the band pass 80-450 Hz. The threshold for putative HFO
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detection is calculated as the 95 percentile of the cumulative distribution function of the
previously detected background segments. The reported detector sensitivity was 96.8 +/-
8.91 % and specificity 99.1 +/- 8.91 %. The target recordings were human macro-

electrodes.

Diimpelmann et al. [2012]

A detector based on some of the metrics used in previous works. The detector
aims on detection in ripple band only, meaning that the frequency band in which it
operates is 80 — 250 Hz. It utilizes signal energy, line-length and instantaneous
frequency. These metrics are processed by a radial basis function neural network. The

reported sensitivity was 49.1 % and specificity 36.3 % [57].

Lopez-Cuevas et al. [2013]

An online detector proposed by Lopez-Cuevas et al. [58] uses metric of signal
complexity (Approximate entropy [59][60]) rather than signal energy. After calculation
of approximate entropy of raw signal an artificial neural network was trained to detect
HFOs with 4 neurons in the initial layer using last 4 values of approximate entropy as

their inputs. This algorithm was designed for micro-electrode rat recordings.

Sahbi-Chaibi et al. [2013]

The algorithm designed by Sahbi-Chaibi et al. [61] uses part of Hilbert-Hunag
transform and its integral part empirical mode decomposition (EMD) for HFO
detection. Firstly the intrinsic mode functions (IMFs) are acquired using EMD.
Instantaneous frequency and amplitude is calculated in each IMF with Hilbert spectral
analysis. Because instantaneous frequencies are sensitive to noise, smoothing is applied
to circumvent this drawback. Subsequently instantaneous amplitude coefficients are
accumulated only in function of IMFs traces presented in HFOs band 80-500 Hz. The
obtained 1-D signal is smoothed by root mean square operation and thresholded for
detection of HFOs.
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Birot et al. [2013]

A method for detection of FR in iEEG. The authors use frequency band of 256 —
512 Hz, which was chosen for methodological reasons. First, the signal energy is
obtained by calculating line-length. After thresholding, the putative HFOs are further
processed by either Fourier transform or wavelet transform, where the ratio between FR
frequency band and lower frequency band is calculated. This metric is further
thresholded and the final HFO detection is obtained. The reported sensitivity and
specificity were not reported, however, the best AUC achieved was reported to be 0.983
and 0.986 for the Fourier transform method and wavelet transform method respectively.

[62].

Burnos et al. [2014]

An HFO detector designed to detect in both ripple and fast-ripple frequency
range. During first stage of the algorithm the signal is filtered and amplitude envelopes
are calculated using Hilbert transform. Such signal is thresholded with low threshold
setting to detect putative HFOs with high sensitivity. The putative HFOs are further
processed by Stockwell transform. The power spectral density was used to distinguish
between HFO detections and putative detections produced by Gibb's phenomenon, such
as artifacts and spikes [63]. The sensitivity and specificity was evaluated for each

recording separately, and average values were not calculated.
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Study Freq range [Hz] | Used technique | Sensitivity | Specificity | Target recordings
Staba et al. 100-500 RMS 84.0% - Micro/human
Nelson et al. - TE - - Micro/rat
Gardner/Worrell et al. 30-100/80-1000 LL 89.5% - Micro,Macro/human
Crepon et al. 180-400 AE - - Macro/human
Zelmann et al. 80-450 MNI 96.8% 99.1%  |Macro/human
Dimpelmann et al. 80-250 RMS + LL+ IF 49.1% 36.3% |Macro/human
Lopez — Cuevas et al. - Aent - - Micro/rat
Sahbi-Chaibi et al. - HHT 90.7% - Macro/human
Birot et al. 256-512 LL + FFT/WT - - Macro/human
Burnos et al. 80-500 AE + PSD - - Macro/human

Table 1: Overview of HF O detectors.

Used techniques abbreviations: RMS — root mean square, TE — Teager energy, LL —

line-length, AE — amplitude envelope, computed by Hilbert transform, MNI — baselane

based detection, IF — instantaneous frequency, Aent — approximate entropy, HHT —

Hilbert-Hunag transform, FFT — fast fourier transform, WT — wavelet transform, PSD —

power spectral density.

As it is apparent from Table 1, the detectors that have been designed vary in

frequency ranges, the target recordings and used technique. Even when evaluating

sensitivity and specificity the authors of the listed detectors vary in definition of true

positive and true negative detections which makes the detectors impossible to compare.

A comparison has been attempted by Zelmann et al. [64] and it was found that each

detector has to be optimized on certain type of data and re-validated in order to function

properly making wide-spread application of any of these detectors impossible.
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5 AIMS OF DISSERTATION

The main goal of this work was development and validation of automated HFO
detectors, study of HFOs in patients suffering from intractable epilepsy and localization
of epileptogenic zones within pathologic brain. Apart from the main focus on automated
detection algorithms, HFO occurrence analyzes were carried out and result presentation
tools were created within this work. The main analyzes and methods that may in the
future contribute to basic research of the brain as well as improved diagnostics are listed

below:

* Fast and robust algorithms for detection of high-frequency oscillations and their
validation with regard to gold standard data sets as well as SOZ and resected

area in patients with good surgical outcome.

*  Modular software tools to validate any HFO detection algorithm.

* Characterization of HFOs with regard to the behavioral state of the patient,

anatomical structure, type of epilepsy, etc.

* Software tools to detect HFOs close to real-time detection with a lag
approximately 10s make it possible to view HFO occurrence inside the operation
room to evaluate the feasibility of such approach to map and resect the

epileptogenic focus in one procedure.

* Tools to present HFO occurrence in a comprehensive form for physicians.

The ultimate gold of this work is to provide physicians with additional
information about HFO occurrence, and thus, better localize pathological tissue in
patients with pharmacoresistant focal epilepsies and improve the outcome of the brain

surgery, therefore life and well-being of the patients.
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6 DATA CHARACTERISTICS

This section describes the data used in this thesis. Because the data come from
two institutions — St. Anne's University Hospital in Brno (FNUSA) and Mayo Clinic —
Mayo Systems Electrophysiology Lab (MSEL), each sub-section is accordingly divided

and describes the different characteristics.

6.1 Subjects

The data comprised of recordings from patients with medically intractable focal
epilepsies who underwent electrode implantation to localize seizure foci prior to
surgical resection. All subjects were on anti-epileptic drug medication (AED) which was
reduced for the purposes of video-EEG monitoring. Written consent was obtained from

each patient prior to the study.

6.2 Recording devices and electrodes

Recording devices both in FNUSA and at Mayo Clinic were certified medical

devices for video-EEG monitoring.

In FNUSA, ALCIS electrodes were used for intracranial invasive exploration.
Individual electrode sizes and types were determined by clinical requirements.
Acquisition device (Brainscope - BioSDAO09 / 192ch) is capable of simultaneous
recording of up to 192 channels. It utilizes 24 bit A/D converter per channel and all
channels are sampled at 25 kHz. The dynamic input range of +/- 20mV with 10 nV

resolution.

In MSEL the used electrodes were Ad-Tech subdural grids, strips and depth
electrodes. Subdural electrodes had varying number of contacts depending on the
clinical needs. A scalable (32—-320 channels) acquisition platform capable of continuous
long-term recording was used (Neuralynx Inc.). The Digital-Lynx system uses an

individual, high resolution, 24 bit A/D converter per channel to directly digitize the
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electrode signal using a single, DC-coupled, low noise differential amplifier and anti-
aliasing filter (low pass 9kHz). All channels are simultaneously sampled at 32kHz with
a DC to 8kHz signal band- width. This high resolution design provides a dynamic input
range of £132mV with 1V resolution (18th bit).

6.3 Data collection and manipulation

While the patients in both centers had similar diagnoses and were admitted into
hospital to undergo iEEG monitoring the data collection differs based on both historical

needs and practices as well as technical possibilities of both institutions.

In FNUSA the data used in this work consisted of two sets. First, the resting
state recording was acquired when patient was lying still without any auditory or visual
stimulation. Each recording was approximately 30 minutes long. Second, the oddball

paradigm, which includes visual stimulation with letters and requires patient's response.

In MSEL the recorded data were acquired during the patients' stay in intensive
care unit (ICU). The length of the recordings differs as it was dependent on the length of
patient's stay at the ICU and on patient's current clinical state. Two tasks were done by
some of the patients. A motor task which consisted from on screen instructions and
patient's response by finger movements. And picture presentation task involving

presentation of emotionally affective charge.

After acquisition, the iEEG signals were filtered and downsampled to 5 kHz
sampling frequency for processing and storage reasons. Since the analyzed frequency
bands reach maximum of 1 kHz the sampling frequency satisfied Nyquist's theorem by

a large margin.

Detections and recording meta data, such as signal quality, anatomical location
of individual contacts and channels from which seizures propagated were stored in

MySQL database for fast and modular processing.
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7 DEVELOPED AND IMPROVED
ALGORITHMS

Three detectors of HFOs were used within the frame of this work. Each of the
detectors was developed for different definitions of HFO and distinct purposes. This
section is divided into three chapters each describing the algorithms, their purposes,
advantages and disadvantages. All HFO detection algorithms can generally be divided
into three stages: pre-processing, detection, post-processing. All of these stages are
described in individual sub-sections. To demonstrate the core principals of each
algorithm, all figures utilize the same example data with one HFO on a sharp transient —

interictal epileptiform spike (Figure 5).

Relative amplitude

Relative amplitude
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Figure 5: Sample signal.

Top — raw iEEG signal (2 seconds) with a spike and HFO on its peak. Bottom — zoom of
the signal from the top pane. HFO marked in red.
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7.1 Ideal HFO detector

There are several characteristics which an ideal HFO detector should have. This
definition stems from requirements of clinical practice, processing time and detector

portability in different centers.

First, the detection itself should achieve the sensitivity and specificity close to
100 %. While this condition seems unrealistic the values close to 100 % can be achieved
depending on the method of metric calculation. This problematic is further described in

section 8.1.

Second, the algorithm should require as little of fine tuning as possible. This
means, there should be a limited number of thresholds that are needed to be set.
Algorithms with many thresholds usually need to be tuned and adjusted do particular
data sets and cannot be uniformly applied for different signal types and recordings with
varying characteristics, such as sampling frequency, signal-to-noise ratio, dynamic

range, etc.

Third, the processing time should be as short as possible while needing as little
of processing power and memory as possible. There is, of course, a connection between
the processing power of the unit and the processing time, nonetheless, the detector
should be usable on standard desktop PCs in order to be usable across institutions in the

world.

Last but not least, an ideal algorithm should be multiplatform and available for
no additional costs, to be easily usable by any epileptic center. Meaning that the
program should be written in one of the cross-platform languages (C, C++, python,
Java, etc.) and it should not require any third-party commercial software, such as

Matlab.

7.2  Line-length detector with feature cascade

This algorithm was developed to analyze enormous data sets produced by long
term clinical iEEG recordings (TB of data). The main purpose was to retrospectively

evaluate the relationship between the pathological brain and HFO rates recorded with
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iEEG electrodes. The core of this algorithm, i.e. the processing part was developed by
Benjamin H. Brinkmann (MSEL). The main advantage of the line-length metric is that
it reflects increases in both signal amplitude and frequency. However, it is dependent on
sampling frequency and prone to presence of noise in the signal. The algorithm was

already used in number of works [51, 62, 64, 65].

In the pre-processing stage the signals are usually visually checked for excessive
noise levels or even channels that include no useful signal. These channels are excluded
from the analysis. The rest of the channels are filtered with a band-pass 4-pole
butterworth filter to 100-600 Hz frequency band. In the detection stage a 10s statistical
window is created and the filtered signal is converted to line-length signal (Equation 1),
using 50ms (5 oscillations at 100 Hz) sliding window with % overlap. These parameters
can be varied as needed. Mean and standard deviation are calculated and a fraction of
standard deviation above the mean is used as a threshold. The threshold is set so that the
sensitivity of this step is 100 %. The LL metric of a filtered signal is demonstrated in
Figure 6. The possible danger here is that if signal-to-noise ratio is low, the noise can
increase overall line-length metric and the HFO is not detected because it does not stand
out from the background. Conversely, if the threshold is set too low, the signals that are
less active yield more detections than active channels. This happens due to higher line-

length standard deviation in active channels.

t

LL= Z ‘(Xk_xk—1)|

k=t—N+2

Equation 1: Line-length metric.
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Figure 6: Line-length metric.

Filtered signal with corresponding line-length metric (100 ms sliding window with 25

ms overlap). Top — filtered signal (80 — 600 Hz). Bottom — Line-length metric.

The post-processing stage was added within this work and it involves calculation
of HFO features — duration, amplitude, frequency (using multi-taper power spectral
density) and event to background ratio and correlation with low-passed signal for
improvement of algorithm specificity. The detection process is represented by the

diagram in Supplement 1.

7.2.1 Advantages of the algorithm

The main advantage of the line-length algorithm is its speed (~5
minutes/channel/2 hours of recording at 5 kHZ sampling rate) which makes it a good
tool for processing large data sets. Moreover, the computed features may be further used

for data mining tasks and to develop more sophisticated classifiers.
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7.2.2 Disadvantages of the algorithm

While this algorithm is fast, the detection characteristics are far from being ideal
(see section 8). This is likely caused by Gibb's phenomenon which is not accounted for.
Nevertheless, it is suitable for analysis of very high frequencies (> 500 Hz) in a high
quality noiseless signals where Gibb's phenomenon is less likely to influence detections.

If these conditions are met, the line-length detector can provide useful information.

7.3  Algorithm based on frequency homogeny

The purpose of this algorithm was to be able to process large datasets while
improving specificity compared to less sophisticated methods. Originally designed by
Mathew Stead (MSEL) the algorithm efficiently removes false positive HFO detections

that occur due to Gibb's phenomenon while maintaining reasonable speed of detection.

In the first step the signal is filtered with band pass butterworth filters in
a sequence of overlapping frequency bands that cover the whole frequency span of
high-frequency oscillations (80 — 600 Hz). Each filtered band is processed separately in

the subsequent steps in the same fashion.

First, the amplitude envelope of the filtered signal is calculated using Hilbert

transform (Equation 2, Figure 7).

F(t):%_]if(x)dx

t—Xx

Equation 2: Hilbert transformation.
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Figure 7: Amplitude envelope metric.

Top — filtered signal (237 — 332 Hz) in one of the frequency bands utilized in the

frequency homogeny algorithm. Bottom — amplitude envelope of the filtered signal.

Second, a metric evaluating frequency stability is calculated as the “signal-to-
noise” ratio (Equation 3). The numerator of the equation is the root mean squared cosine
representation of the narrow-band signal phase (Equation 4) and the denominator is the
root mean squared difference between the cosine representation of the broad-band and
narrow-band filtered signal phases (Equation 5). The broad-band filtered signal has the
same cut-off frequency as the narrow-band passed signal but the low cut-off frequency
is four times smaller (Figure 8). This second metric servers for elimination of detections

caused by higher amplitude in filtered signal which is produced by Gibb's phenomenon.

\NpXX
Vbpxx,

Equation 3: Frequency homogeny metric.

SNR =
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where

— 2 2
NpXX; =NpxX;_,— Np; +npj

Equation 4: Frequency homogeny numerator.

and

bpxx;=bpxx;_,— (bp;—np; )"+ (bp,—np,)*

Equation 5: Frequency homogeny denominator.
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Figure 8: Frequency homogeny metric.

Top — blue: narrow band passed signal (237 — 332 Hz), green: broad band passed
signal (59 — 332 Hz). Middle — cosine transformed signals from the top pane. Notice the

synchronization around the HFO area. Bottom — frequency homogeny metric.
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The third step of metric calculation consists of calculating the dot product of the
normalized signal amplitude envelopes and frequency stability metric, thus obtaining
a signal that utilizes both amplitude and frequency features of the analyzed signal. If

one of the metrics is negative the resulting signal is put to 0 (Figure 9).

To account for non-stationary character of EEG signal all metrics are normalized
by Poisson normalization. The detection of putative HFOs is done by thresholding the
normalized product metric. Each putative HFO enters the cascade of minimum and
maximum value boundary thresholds for amplitude, frequency stability, dot product and
duration. The thresholds are calculated from cumulative distribution functions that were
generated from the features of HFOs visually marked by expert reviewers. The block

schema representing the algorithm can be found in Supplement 2.
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Figure 9: Dot product metric.

Dot product metric is produced by sample by sample multiplication of amplitude
envelope and frequency homogeny metrics. Top — blue: normalized amplitude envelope

metric, green: normalized frequency homogeny metric. Bottom - dot product metric.
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7.3.1 Advantages of the algorithm

The main advantage of this algorithm lies in the effective elimination of Gibb's
phenomenon that occurs during filtration of a sharp wave and therefore increased

specificity of detection. The algorithm is fast enough for real time detection.

7.3.2 Disadvantages of the algorithms

While the speed is sufficient for real time processing of iEEG signals, detection
run on very large datasets is slow compared to the line-lengh detector. Another
disadvantage is the rigid threshold setting created based on gold standard detections.
This makes the algorithm less usable on different datasets. To eliminate this effect the

thresholds have to be calculated again on the gold standard detection dataset.

7.4  Hilbert 2D detection algorithm

The algorithm was developed to detect physiological HFOs occurring during
cognitive and memory tasks and to broaden the understanding of pathological HFOs
with regard to their features. The aim of this algorithm is to provide detailed study of
individual pathological and physiological HFO features, and thus contribute to the

distinction between the two groups and their behaviors.

Instead of using a wider frequency band of interest, such as 80 — 600 Hz this
algorithm uses a series of band passed signals using 4-pole butterworth filter. This can
be achieved by band-passing the original signal with 1 Hz step. Z-score for each signal
is calculated. (EQ) Such approach can be visualized in a time-frequnecy matrix (Figure
10). This matrix differs from classical time-frequency analysis in three aspects. The
produced matrix does not use sliding windows so each sample corresponds exactly to
the sample of raw signal. Furthermore, each band reflects changes in amplitude rather
than power of the band, result of which is that baseline noise, such as 60 Hz, is not
visible in the matrix. Finally, the 1/f characteristic of EEG is overcome by individual

z-score normalization of each band.
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Z-Score—=

X

Equation 6: Standard score (z-score) calculation.
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Figure 10: Time-frequency matrix of z-score amplitude envelopes.

2 — D Representation of HFO in time-frequency matrix with 1 Hz frequency step.

As it is apparent from (Figure 10) the higher frequencies of the histogram carry
redundant information. Therefore, choosing a logarithmically spaced frequency bands is
a logical approach to reduce the information redundancy and increase algorithm speed.

The logarithmically spaced equivalent is depicted in (Figure 11, top).

In order to overcome the consequences of Gibb's phenomenon the cross
correlation is calculated between band-passed signal and the low-passed signal with the
common high cut-off frequency. To speed up this calculation the relationship between

convolution and correlation is exploited (Equation 7, Equation 8) and convolution is
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done by multiplication in the frequency domain (Equation 9). The cross correlation

signals can be again visualized in a matrix (Figure 11, middle).
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Figure 11: Time-frequency z-scored metric with cross-correlation, log spaced.

Top — log spaced time-frequency z-scored matrix of amplitude envelopes, middle —
cross-correlation between ban-passed signal and low-passed signal matrix, bottom —
square root of the amplitude and correlation matrices. Notice the turquoise trace
produced by Gibb's phenomenon in the top pane which is eliminated by using the cross-

correlation metric.

corr(x[n],h[n]):éh[k]x[n+k]

Equation 7: Correlation

x[n]*h[n]zg h{k]x[n—K]

Equation 8: Convolution
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f(x)xf(h)=F (x)-F(y)

Equation 9: Convolution in frequency domain.

To create a metric that takes into account both amplitude and cross correlation
the square root of the dot product is calculated. The computed metric is depicted in the

bottom pane of Figure 11.

The detection of events is done by thresholding the final metric in each
frequency band. Since the metrics are z-scored, the used threshold represents a fraction
of standard deviation above the mean. The detections with less than one cycle period
apart in one frequency band are joined into one event. The detections in different

frequency bands overlapping in time domain are joined into a single HFO detection.

Only one post-processing step is applied to reduce the number of false positive
detections. The number of cycles is calculated using event peak frequency and duration
and the events that are shorter than 1 cycle are discarded. The detections then enter
a cascade of feature calculations. The block diagram of the algorithm can be found in

Supplement 3.

7.4.1 Advantages of the algorithm

Precise feature calculation and the sensitivity level are main advantages of this
algorithm. Features obtained by precise analysis can be utilized in post-processing and

allow for more in depth analysis of detected HFOs.

7.4.2 Disadvantages of the algorithm

The main drawback of this method is the long processing time. Depending on
sampling rate the processing time of one trial is ~5-10s which is close or above the real-
time processing time. Another disadvantage is low specificity with regard to human
scoring which can be partially overcome with post-processing steps by thresholding
detections with computed features or by clustering the detections based on these

features and using clusters as detections.
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8 DETECTOR EVALUATION

To quantify the efficiency of HFO detection algorithms they have to be
evaluated. Even though each publication of HFO detection algorithm method contains
some form of efficiency quantification the methods for detection evaluation are not
unified which makes a direct comparison almost impossible. This chapter discusses the
problems of variable approaches to evaluation and presents the efficiency of algorithms

included in this work.

8.1 Pitfalls of detector evaluation

As mentioned in section 3.1 the main problem of HFO detection is the lack of
clear definition. This discrepancies in HFO definitions makes it difficult to mark HFOs
uniformly across different institutions. Moreover, while human reviewed HFOs are
considered the gold standard the marking of HFOs is inevitably a subjective process
which results in poor inter-reviewer concordance. This problem is commonly overcome
by submitting the same segment of data for review to multiple medical professionals.

The HFOs marked by the majority of the reviewers are considered true positives.

Apart from the unclear HFO definition the recording equipment and methods
differ from institution to institution. The differences in recording techniques and
methods result in development of algorithms tailored to data and HFO definitions of
individual institutions. Such algorithms are difficult to compare since they are tuned to
a particular data set. A possible solution to this problem is to create an inter-institutional
library of data segments with marked HFOs and resected tissue areas by multiple
epileptologists and train the algorithms on these data segments. All algorithms would
then be run and evaluated in the same fashion which would yield comparable result. The
initiative to create detector library with common evaluation tools has been already

started as an open source project (http://github.com/HFO-detect) which is maintained by

the author of this work. The common evaluation and detection of shared datasets would

lead to enhancement of algorithms and benefit patients.
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8.2  Approaches to evaluation

Evaluation of algorithms depends on the desired output. In case of HFO
detection algorithms the general standard is a comparison to a gold standard dataset
marked by epileptologists. While this approach is generally accepted the inter-reviewer

variability and subjectivity is a persistent problem.

Precision of HFO feature calculation is often disregarded, however, it can be
used as an evaluation method in case the results of the detection are used for in-depth

study or HFO clustering.

Another possible approach is to evaluate the detection based on the localization
of pathological tissue. This method effectively eliminates the problem of unclear HFO
definitions, however, can be influenced by detections that have different characteristics

than HFOs, such as spikes.

8.2.1 Evaluation methods based on gold standard datasets

Traditionally the evaluation of a detection method is done by constructing
confusion matrix for the method and calculating its sensitivity and specificity with
regard to the ground truth. This approach is often used for example in evaluation of

medical screening tests.

Since detection algorithms use thresholds for tunning their performance the
receiver operating curve (ROC), developed by electrical engineers and radar engineers
during World War II for detecting enemy objects in battlefields, appears to be an apt
approach. The ROC analysis serves for determination of the optimal model or threshold
with the best specificity and sensitivity that can be achieved. The quality of the model is
usually expressed by the x and y values of the point closest to the [1,1] position in the

ROC graph or by the area under the curve (AUC).

In case of an HFO detector ROC yields results that largely depend on the
definition of a negative observation. HFOs are relatively rare event in iEEG signals so
using a sliding window and evaluation for HFO presence results in true negative count
significantly larger than other confusion matrix statistics. On the other hand, defining

segments between gold standard detections as true negatives yields disproportional
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counts of false positive detections compared to true negative detections. This
phenomenon propagates into the calculation of ROC and produces seemingly excellent
or poor results. The definitions of true negatives in scientific papers regarding HFO
detection algorithms differ, making the comparison even more complicated. ROC curve

is, therefore, not suitable for this evaluation.

The negative observation problem can be overcome by using the precision-recall
curve. The curve is calculated using recall, which is an equivalent of sensitivity, and
precision, which is the proportion of number of true positive detections to all positive
detections. Contrary to specificity, precision does not include true negatives in its

calculation. That leads to more realistic curve characteristics than ROC curve.

Another way to overcome the negative observation problem is to use error trade-
off curve as the evaluation metric, which is not very common. Error trade-off curve plot
contains false reject rate(FN / TP + FN) versus false accept rate (false positive rate —
FP / TN+FP). The advantage in comparison to ROC, however, lies in the scaling of

x and y axes. These axes are non-linearly scaled by their standard normal derivatives.

8.2.2 Evaluation of detectors with regard to HFO features

Features of individual HFOs might be a key to solve a number of problems
regarding HFO detection and analysis. Precise feature estimation is, therefore, one of
the desired attributes in HFO detection. HFO features can not only be useful in post-
processing steps to enhance detection sensitivity and specificity but they may also
contribute to distinction between pathological and physiological HFOs. Furthermore,
HFO features may be variable both from temporal and spatial point of view which can

be exploited in localization of epileptic foci as well as in seizure prediction.

One way to evaluate the precision of feature estimation is to compare the
estimated value with a value produced by another method or a value estimated by visual
review. However, all methods have some degree of error and visual review is prone to

reviewer bias.

Another approach is to select a piece of iEEG signal without any high frequency
activity and create artificial HFOs with known features. These values can then be

compared with the values estimated by the detector and the error can be calculated.
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The artificial HFO method can also be used to evaluate the error of human
reviewers and compare inter-reviewer concordance as well as compare the results of

human estimation with detector estimation.

8.2.3 Evaluation methods based on localization of pathologic tissue

Rather than relying on the unclear HFO definition and poor inter-reviewer
detection reproducibility this approach directly evaluates the usefulness of the algorithm
by correlating the number of detected event per channel with the pathology of the tissue

surrounding electrode contacts.

Definition of pathological tissue may vary. Nowadays, pathological tissue in
iEEG is generally defined as the first temporal onset of seizure in particular channels
and so called irritative zone which exhibits interictal epileptiform spikes. Although
successful to some extent, the resection of SOZ channels does not guarantee seizure
freedom for patients which leads to search for other biomarkers. The only way of
defining the pathological tissue correctly is to select patients with favorable surgery
outcome and marking channels that were resected during surgery. However, surgical
routines involve resection of whole structures, therefore, healthy tissue is resected too

and it is unclear around which particular contacts was the pathologic tissue located.

The evaluation method can also exploit machine learning algorithms by
clustering the detections, picking useful clusters which localize the pathological tissue
and training a classifier to automatically classify detections into clusters in post-
processing steps. To make the clustering possible HFO features have to be estimated.
This can either be done in the detection process (algorithms 7.3, 7.4) or during post-
processing (algorithms 7.2, 7.4). In order to achieve effective clustering the relevant
features have to be selected. This step is often ignored in the literature and can

potentially degrade the result of clustering.

The drawback of this method is the fact that the detected events that are used in
evaluation can be a different electrophysiological phenomenon such as spikes and that
the pathologic tissue can be incorrectly localized by neurologists. This, on one hand, can
potentially lead to degradation of HFO usefulness as currently defined, on the other

hand, can also lead to more precise definition of this biomarker.
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8.2.4 Evaluation of algorithm speed

Algorithm speed is important both for research and clinic. In research, long
processing times hinder subsequent analyzes. Nowadays results in clinic are delivered
with delay of approximately 24 hours depending on the implemented algorithm. While
this is currently sufficient, online or near online (~ 10 mins) implementation of
algorithms is desirable in order to evaluate actual state of the patient's brain in operation
room or intensive care unit. This could lead to higher patient comfort and shorter stay in
hospital or to better medication management. On the other hand, faster and simpler

algorithms are usually less precise which might not be apt for resection guidance.

While crucial for online implementation, algorithm speed is surprisingly
disregarded in scientific papers. It is relatively easy to test by applying different
algorithms to the same dataset but might vary on different computers and depends on

the programming language.

8.3 Used evaluation methods

All three detectors were evaluated by the evaluation methods mentioned in the
previous chapter. Since each detector was developed under slightly different conditions
and for varied purposes the results acquired for the given data set might not correspond

to the results when applied to data sets that have, for example, different montage.

8.3.1 Analysis based on gold standard data sets

Acquisition of the gold standard detections was done separately by two expert
reviewers in iEEG signals from 5 minute segments in 3 patients. 9 channels per patient
were evaluated; 3 channels were localized in SOZ, 3 in IZ and 3 in nonSOZ area of the
epileptic brain which was previously selected by epileptologists in clinical recordings.
The HFOs were marked as segments of filtered signals that had 4 times higher
amplitude than the surrounding signal and the amplitude spanned at least 4 cycles. To
eliminate false detection produced by filter ringing care was taken to review the
detection in the raw signal for sharp transients. Only the detections where both

reviewers agreed were considered true positives.
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Evaluation was carried out for detected events without any correction and for
detections where noisy segments were excluded from the analysis in semi-automated

fashion.

Numbers of true positive, false positive and false negative detections were
collected and precision-recall characteristics were calculated and plotted. Numerical

evaluation was done by calculating Fi, F», and Fs measures (Table 2).

8.3.2 Analysis based on feature estimation precision

To evaluate the feature estimation of the detectors, artificial HFOs were inserted
into 20 minute long iEEG signal, which was previously visually checked for absence of
visible HFOs. The used signal was taken from a contact located in white matter to avoid
muscle artifacts and possible contamination by physiological HFOs from neocortex or
structures of lymbic system. Furthermore, the signal was visually checked for any signs
of pathologic activity and artifacts. The artificial events in form of simulated spikes,
HFOs, delta functions, line noise and HFO-spikes (HFOs coincident with spikes), were
inserted in 3 second intervals with varying amplitude, frequency and duration. To assess
the influence of event amplitude on feature estimation the signals with artificial events
were created for different amplitudes separately with the values spanning from 0.1 to
0.5 std (0.1 std step) of iEEG signal amplitude. In order to to investigate whether noise
produces any distortion in feature estimation, separated analysis was conducted on
signals with superimposed pink noise, which is typical for EEG. All algorithms were

run with the lowest threshold settings to achieve the highest sensitivity possible.

This analysis is somewhat limited by the detection methodology. In case of the
line-length detection algorithm the amplitude and frequency have to be computed in
post-processing steps because it utilizes only one frequency band and the line-length
metric takes both features into account. Frequency homogeny algorithm uses rigid

frequency bands thus a priori creates error in the estimation of this feature.
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8.3.3 Analysis of HFO rates with regard to localization of pathologic

tissue

A sample of 30 minute recordings from 5 patients was processed by automated
detectors developed and modified in this work. Clinical recordings were reviewed by
experienced epileptologists and seizure onset zone, irritative zone and normal channels
were marked. Irritative zone was marked within the channels that had clear pathologic
activity. Determination of resected area and subsequent channel marking was done by
experienced clinicians using overlapped pre and post-surgical MRI. Surgery outcome
was evaluated based on Engel class. Four patients had favorable outcome of Engel IA

while one had persisting seizures with outcome Engel IITA.

The detection was done by all algorithms for varying threshold settings and best
performing threshold was determined using the lowest p value (t-test). ROC for each
detector was constructed using either SOZ, SOZ+IZ or resected channels as targets, the
varying variable was HFO rate. To compensate for potential differences in patients the
same analysis was done for per patient normalized rates. The AUC were calculated for

each ROC separately to evaluate pathologic tissue localization.

8.3.4 Analysis of algorithm speed

All algorithms were run on one channel of itracranial EEG data with the length
of 30 mins and 5 kHz sampling frequency. Standard desktop computer unit was used for
evaluation with 12 GB RAM memory and Intel® Xeon(R) CPU E5-1620 0 @ 3.60GHz

x 8 processors. Algorithms were all implemented in Python programming language.

8.4 Results

Automated HFO detection is a complex task that is still being actively
developed. Individual detection methods vary in HFO definition, the purpose for which
they were developed and the datasets on which they were tested. This makes the
comparison across multiple institutions difficult. The detection methods created in this
work do not suffer from these problems because they are tested on the same datasets

and evaluated by uniform methods.
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8.4.1 Results of comparison with gold standard detections

Construction of precision-recall curves proved that frequency homogeny
algorithm achieved the best performance at detecting human scored events with the

lowest F scores.

The performance of line-length detector proves the usefulness of this algorithm
in HFO detection. The reasonable performance shows that this method is robust, albeit
simple.

Hilbert detector exhibits poorest performance regarding agreement with gold

standard detections.

Similar analysis with semi-automated approach, where noisy segments in the
data were marked by reviewers and all detections in these areas discarded, was

performed. All detectors showed improved performance (Figure 12, Table 2).
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Figure 12: Precision-recall analysis of gold standard HF O detection.

Precision-recall curves of agreement with gold standard reviewer marks. Blue —

automated detection, green — semi-automated detection.

Algorithm Mode F F? F
Hilbert Automated 3.993| 6.238| 6.238
Semi - Automated 3.991 6.236| 6.236
Frequency homogeny |Automated 2.669 4.17| 4.17
Semi - Automated 2.599| 4.061| 4.061
Line-length Automated 3.273| 5.114| 5.114
Semi - Automated 3.248| 5.074| 5.074

Table 2: F-scores for gold standard evaluation.
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8.4.2 Results of feature estimation precision

The analysis of amplitude estimation precision revealed that all algorithms
overestimated event amplitude (Figure 13, Table 3). Increased amplitude of simulated
events showed improved mean amplitude estimation error in all detectors, however, the
standard deviation increased. The best performing algorithm for this feature was the

Hilbert detector while frequency homogeny and line-length detectors showed similar

results.
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Figure 13: Amplitude estimation analysis.

Higher event amplitude improves automated estimation but increases its standard

deviation. Red square — mean value. Blue — line-length, green — frequency homogeny,
red — Hilbert.

Similarly to amplitude, all algorithms exhibited overestimation of duration
(Figure 14, Table 3). Changes in artificial event amplitude did not have any impact on
duration estimation. The Hilbert algorithm was the best performing while the worst was

line-length algorithm.

51



0.15

I

0.05

om B
T

-0.05

Difference [s]

%T ;-I- %-I- ;-I-

0.1 0.2 0.3 0.4 0.5
Std fraction

Figure 14: Duration estimation analysis.
Higher event amplitude improves duration estimation in Hilbert algorithm. Frequency

homogeny a line-length algorithms show stable estimation. Red square — mean value.

Blue — line-length, green — frequency homogeny, red — Hilbert.
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Figure 15: Frequency estimation analysis.

Hilbert detection algorithm shows the lowest difference with referential values. Line-
length algorithm exhibits the highest error. Red square — mean value. Blue — line-

length, green — frequency homogeny, red — Hilbert.
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Contrary to amplitude and duration all algorithms underestimated frequency
irrespective of the event amplitude (Figure 15, Table 3). Increasing event amplitude
worsened frequency estimation in Hilbert detector and frequency homogeny detector
only in transition between the lowest threshold setting to the second lowest setting. The
most precise algorithm was the Hilbert algorithm and the worst was the line-length

algorithm.

In general, Hilbert algorithm showed best performance in analysis of feature
estimation. Frequency homogeny algorithm performed roughly similarly to line-length
detector in amplitude estimation but was worse in duration and frequency estimation.
Line-length algorithm had poorest performance in feature estimation. Noise in signal
had the highest impact on amplitude estimation. Duration and frequency showed similar

mean differences as the signal without noise (Table 3, Table 4).

STD fraction
Feature Algorithm 0.1 0.2 0.3 0.4 0.5
Amplitude |FH 2.033 1.488 1.751) 1.755  0.761
Hilbert 1.704 1.213 1371 1.415  0.632
LL 2.366 1.564 1.717) 1.609) 0.664
Duration |FH 0.009 0.011 0.011) 0.012] 0.011
Hilbert -0.001 0.001 0.002] 0.003 0.002
LL 0.095 0.096 0.104| 0.097| 0.095
Frequency |FH -6.526| -11.126| -14.242| -10.71| -17.863
Hilbert -0.091 -8.234 -6.193| -4.917) -6.342
LL -212.206| -189.411| -148.561| -92.388| -93.625

Table 3: Mean feature differences from artificial HF O events — clean signal.

STD fraction
Feature Algorithm 0.1 0.2 0.3 0.4 0.5
Amplitude |FH 2.614 2.077 1.766 1.645 1.157|
Hilbert 2.197 1.739 1.584 1.515 0.647
LL 2.701 1.900 1.672 1.518 0.713
Duration |FH 0.007 0.008 0.009 0.010 0.010
Hilbert -0.009 -0.002 -0.002 0.000 0.000
LL 0.090 0.094 0.095 0.097 0.096
Frequency (FH -4.741 -7.901 -8.588| -12.069 -13.648
Hilbert -0.706 -3.273 -2.492 -3.629 -4.542
LL -232.771| -245.602| -210.731| -180.773 -189.701

Table 4: Mean feature differences from artificial HFO events - noisy signal.
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8.4.3 Results of pathologic tissue localization

Investigation of pathological tissue localization with regard to detector threshold
revealed a trend for line-length detector where higher thresholds improved localization
both in normal vs. pathological (SOZ + IZ), normal vs. SOZ analysis (disregarding 17)

and resected channels in patients with good outcomes (Table 5).

Threshold analysis of pathological tissue localization revealed that line-length
and Hilbert algorithms showed a similar trend where increasing threshold led to
improved detection. Contrary to the other two algorithms frequency homogeny detector
had inverse trend where the lowest threshold achieved the best results. The best
performing thresholds were 5, 0.1, 5 for line-length, frequency homogeny and Hilbert

algorithms respectively.

ROC curves for best performing thresholds were done for pathology, SOZ and
resected channels as target instances (Table 5 and Figure 16). Line-length detector had
the highest values of AUC for pathology and SOZ analysis. Hilbert detector had the
highest AUC for resected channels.

Using per patient normalized HFO rates generally improved performance of all

HFO detectors.

Algorithm Feature Pathology | Seizure onset zone | Resection
Line-length HFO count 0.778 0.951 0.704
normalized HFO count 0.783 0.957 0.709
Hilbert HFO count 0.537 0.787 0.719
normalized HFO count 0.613 0.822 0.803
Frequency homogeny HFO count 0.565 0.628 0.637
normalized HFO count 0.593 0.584 0.752

Table 5: AUC values for pathological channel localization of different algorithms.
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Figure 16: ROC analysis of pathologic tissue localization.

ROC curves for localization of pathological tissue. Line-length algorithm outperforms
the other two in clinically determined channels (Pathology, Seizure onset zone) but is
the worst in determination of resected channels in patients with good outcome. Hilbert
algorithm shows the best performance in this regard. Top — ROC for HFO rates, bottom
— ROC for per patient normalized HFO rates. Blue — line-length, green — frequency

homogeny, red — Hilbert.

8.4.4 Algorithm speed results

The fastest algorithm was the line-length based detector which processed the
dataset in 265 s which is 6.79 times faster than real time (30 mins). The second
algorithm was the frequency homogeny with the computation time of 1592 s which is
1.13 times faster than real time. The slowest algorithm was the Hilbert detector with the

processing time of 7840 s and 0.23 times slower than real time.
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8.5 Summary of results and discussion

Four types of evaluation were performed: ability of detectors to correctly detect
gold standard HFOs marked by expert reviewers, ability to correctly estimate HFO
features, ability to correctly localize tissue that exhibits pathologic electrophysiologic
activity (SOZ+IZ), seizure onset zone (SOZ) or resected channels in patients with good

surgical outcome and processing time of each algorithm.

Evaluation of detector performance based on expertly reviewed events is often
used in scientific literature dealing with HFO detection [61, 63, 64]. Even though this
method is generally accepted there are certain drawbacks already discussed in the
chapter 8.2.1. Within the scope of this work the best performing algorithm was the one
based on the frequency homogeny metric. This result confirms the assumption that the
algorithm improves specificity compared to earlier and simpler detectors such as
line-length and RMS detector [41, 51]. Higher specificity can be explained by the novel
metric which effectively eliminates Gibb's phenomenon as well as to post-processing

steps that take reviewer expertise into account.

The second best performing algorithm was the line-length algorithm with added
simple post-processing steps. The results in this work corroborate previous findings in
earlier studies [51, 64]. The fact that the specificity is lower might reflect insufficient
elimination of Gibb's phenomenon with use of correlation and detection of events that

are not visible for naked human eye.

The design and purpose of the algorithm based on Hilbert envelopes, which is
feature extraction while maintaining high sensitivity, was reflected in very poor
specificity. This confirms that post-processing steps or methods of machine learning

have to be applied in order to achieve better concordance with human reviewers.

Results of the same analysis performed in semi-automated fashion where noisy
segments were removed by reviewers improved in all tested algorithms. The highest
improvement by 0.07 in F; score was seen in frequency homogeny algorithm. This
suggest that either a manual or automated detection of noise and artifacts can lead to

a substantial increase in performance.
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Detection matching to reviewed events and HFO occurrence in individual
channels is often the main focus of HFO detection algorithms. In some works, HFO
features such as frequency and duration are described [23, 38], nonetheless the method
by which these features were acquired is often not clearly stated. In papers dealing with
HFO detection the performance of algorithms in feature estimation is usually

completely disregarded.

This aspect of detectors was evaluated using artificial HFO events with known
amplitude, frequency and duration that were inserted into one channel of non-pathologic
iEEG signal. Increasing event amplitude was applied to estimate change in feature

estimation error.

All algorithms showed trend to overestimate the amplitude. This could be
ascribed to the noise of the original iEEG signal into which the artificial signals were
inserted. Increased amplitude of simulated events showed improved mean amplitude
estimation in all detectors which is likely due to higher signal to noise ratio but the
standard deviation of the estimation error increased presumably because of high
amplitude of spikes in HFO-spike artificial events. The Hilbert algorithm showed the

best performance which is likely due to precise detection of event onset and offset.

Analysis of duration estimation precision revealed the same trend as with
amplitude where all algorithms overestimated this feature. This could be caused by
algorithm methodology, which is further discussed below, and by filtration that smears
the extent of the event to some extent. The worst performing algorithm was the line-
length based algorithm while the Hilbert algorithm showed the best performance. These
results stem from the algorithm nature since line-length algorithm utilizes sliding
window with only 25 % overlap it introduces error into duration estimation. Contrarily,
Hilbert algorithm uses sample by sample detection leading to higher precision.
Frequency homogeny algorithm introduces estimation error likely due to the sliding

window nature of frequency homogeny metric.

Frequency estimation showed inverse trend to those of duration and amplitude
and all algorithms underestimated frequencies of simulated events which could be
ascribed to frequency band sequences used by these detectors. Hilbert detector and

frequency homogeny detector showed stable frequency estimation with increasing event
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amplitude which worsened only in transition between the lowest threshold setting to the
second lowest setting. The possible cause here is the more precise detection of event
onset and offset with lowest threshold settings. The frequency calculation in line-length
algorithm is done in post-processing steps using the maximum peak in frequency
spectrum leading to a substantial error which, however, diminishes with increasing

event amplitude where the maximum spectrum peak is more prominent.

In summary, the Hilbert detector outperformed the other two detectors in
estimation of all evaluated features. This result confirms that the Hilbert detector design
is the most suitable tool for in depth study of HFOs. Frequency homogeny algorithm
performance exhibited reasonable estimation error proving that it can be used for rough
overview of HFO features in the detected dataset. Line-length detector showed the

poorest performance which is due to the simplistic nature of the algorithm.

The capability of pathological tissue localization is vital for clinical applications.
This is often tested in the literature along with analysis of successful detection of gold
standard detections [54, 62, 63]. While this approach is the most important in clinical
applications the best performance in this regard does not necessarily mean that the

algorithm can as efficiently serve for basic research of HFO.

All algorithms were able to successfully show increased HFO activity in
pathological tissue based on HFO detection. Relatively high thresholds in line-length
and Hilbert detector showed the best performance with regard to SOZ localization. This
can be explained by the core of these algorithms which is based mainly on signal
amplitude. Frequency homogeny algorithm showed the best performance in the lowest

threshold setting.

Analysis of tissue generating pathological interictal epileptiform spikes and
HFOs (SOZ+IZ) decreased the performance of all algorithms. HFOs have been proved

to be more localized in SOZ [25], thus this finding corroborates these previous results.

Analysis of HFO rates in patients with good surgical outcome showed
improvement in frequency homogeny and Hilbert algorithm while decreasing the
performance of line-length algorithm. The result highlights low specificity of line-
length algorithm suggesting that it might be influenced by false positive detections of
spikes.
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ROC curves were created with the best performing threshold of each algorithm
with HFO rate in individual channels as the threshold metric and pathological channels
as targets. Interestingly, the line-length algorithm showed the best performance in SOZ
localization while frequency homogeny the worst. Hilbert algorithm showed the best
localization of resected channels. When the HFO rates were normalized on the per
patient bases the results improved for resected channels in patients with good outcome

suggesting that HFO rates may vary depending on implantation sites and patient's brain.

Processing time for each algorithm was measured using one iEEG signal. Line-
length algorithm had the shortest processing time mainly due to its simplicity.
Frequency homogeny algorithm needed more processing time but it was still faster than
real time. Hilbert detection algorithm was approximately 5 times slower than real time
suggesting that a compiled version of the algorithm should be developed in order to

allow this algorithm to be used in clinic.

The line-length algorithm with simple post-processing steps (correlation and
event to background ratio) showed very poor feature estimation yet the localization of
SOZ was superior to other detectors. However, in localization of resected channels the
algorithm performed poorly. With its speed this algorithm can be very useful in online
HFO detection and use in clinic to give clinicians a rough idea about the HFO

distribution in epileptic foci, thus highlighting the channels they should focus on.

Feature estimation error was the lowest for the Hilbert algorithm. This outcome
demonstrates the algorithm's capability of HFO feature precise determination. Given the
results in analysis of gold standard HFOs and pathologic tissue localization analysis this
algorithm shows promising results that can be further improved by post-processing

steps and machine learning methods.

Frequency homogeny algorithm showed the best performance in concordance
with gold standard detections. Interestingly, the analysis of SOZ channel localization
did not reveal good results but localization of resected channels was superior to line-
length while inferior to Hilbert algorithm. As mentioned earlier in this work HFO
marking is highly subjective. Enlarging the dataset on which the algorithm was trained
is likely to improve the results. Feature estimation evaluation revealed that this detector

can provide rough estimation of detected events' features.
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9 DETECTION RESULT PRESENTATION

Conveying the results in simple and visually appealing way to the interpreter
while preserving as much information as possible is crucial for wide spread usage of
any detection algorithm in clinic and science. Medical doctors and some scientists often
lack the technical skills and time to understand the details of signal processing and
automated detection. Consequently, development of result presentation is almost as

important as the detection itself.

In this regard information acquired from the brain present a challenge. The
electrophysiological signals have intrinsic features — amplitude and frequency. In case
of HFOs, two other features can be acquired — duration and count. However, the
physiology of the brain and its electrical properties change in time (cognition, sleep,
etc.), space (neocortex, archicortex, etc.) and is dependent on external factors (drugs,

external stimuli, etc.).

As it is apparent from the previous paragraph, it is not possible to visualize all
information at once. Instead, the visualizations are focused on the desired application.

Nonetheless, the interpreter should always be aware of the limitations.

9.1 HFO count per channel

Basic visualization used by vast majority of current publications dealing with
HFO is usually a simple bar graph used to highlight channels with higher HFO
occurrence (Figure 17). While this is sufficient for a general overview the loss of
information about HFOs is significant. There is no information about HFO occurrence
in time domain, which obstructs a potential feedback by medical staff or adjustment of
medication. The frequency information is reduced to that of the frequency band used by
algorithm filters. And the person reading the plot has to be aware of the individual

contact locations within the brain in order to interpret the results correctly.

This type of visualization could stress the results by color-coding the HFO count

in individual bars which would make it easier to identify the channels of interest.
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Furthermore, temporal information could be included by creating a video or by plotting

numerous bar graphs for each time segment.
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Figure 17: Bar graph of HFO counts in individual channels.

Bar graph showing the count of detected HFOs in individual channels. Without the
knowledge of contact location in patient's brain it is difficult to determine the

epileptogenic foci. Moreover, there is no information about the frequency of HFOs.

9.2 HFO count with regard to HFO frequency

This type of visualization was created as part of this PhD thesis and is useful for
clinicians since fast ripples (250 — 600 Hz) are currently deemed to be correlated with
pathologic brain more than ripples (80-250 Hz). The color-coded table presents HFO
counts in individual frequencies and provide simplified information about the HFO
distribution in frequency domain. The visualization was designed to present results of

frequency homogeny algorithm, hence the frequency bands are set accordingly.
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Even though, this visualization provides fast overview about the tissue
surrounding individual contacts there is still some information loss. Temporal aspect of
HFO occurrence is completely neglected and information about HFO are represented

solely by their count in frequency bands.

444-62 52-73||62-86||73-102((86-121)102-143|[121-169|[143-199|[169-237|199-280)|237-332|280-392|332-464392-549||464-650|[549-769
v T o SN 43 L 53 [ 57 |[Tou N SRR R (I
| [ > ]G IS 7 ) NGO 2 15| (N NN I (NG

HEEEEREE

9| &= (| =
o|a

B¢ ]
5e]

(o~}
iy
(=}

EEEEEEE

[ 1o ESE 15 ] Ls 1]
RN TR T N VYR 20 |
el e 7 s 7 07 e 22 [ e [TTs T aoer]

Figure 18: Color-coded HF O rate in individual electrodes across frequencies.

Image showing HFO occurrence in individual channels and in frequency bands with
color-coded cells to stress the highest values. Color-coding contributes to simple

immediate recognition of the areas with highest HFO rates.

This type of visualization can be further developed by creating a video where
changing colors would show shifts in HFO counts with regard to channels and

frequency. This would account for temporal changes.
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9.3 HFO count with regard to anatomy

Anatomical structure may play a crucial role in spatial distribution of HFO. It is,
therefore, useful to visualize the information about HFO occurrence in MRI scans so
that clinical staff has immediate information about the location of HFO generating
tissue and can tie together the information of electrophysiology and anatomy of the

particular patient's brain.

This method was created as a diploma thesis [66] which was mentored by the

author of this work.

Figure 19: Color-coded HFO count in MRI slices.

MRI scan of a patient with temporal lobe epilepsy. HFO counts are color coded as dots
in places where electrode contacts were located. A — transversal plane B- coronal

plane.

Further enhancements of this type of visualization can be again incorporation of
information about HFO occurrence in time by creating video clips. Moreover,
tractography analysis can be joined with this visualization in order to elucidate

communication between different brain structures.
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9.4  Circular graphs

Inspired by data visualization in genome research, this type of graph reduces
information loss to minimum while allowing for display of interactions between areas
of the brain from which iEEG signal is acquired. The visualization was created within
this work and is freely available as an open-source library which is being actively
updated and developed (https://github.com/cimbi/pancircs) and can be easily installed
through python package index.

Circular graphs can have multiple layers each expressing different piece of
information. HFO counts and their mean attributes can be simply visualized this way
although any type of electrophysiological information can be included such as spike
rates or their features. Individual layers can also represent development of HFO

occurrence in time, space and frequency.

Inner area of the circular graph can be used to visualize interactions between
signals such as correlation or other connectivity metrics which can contribute to correct

localization of pathologic tissue.

Channels can be grouped according to their location in brain structures but any

grouping variable can be used.

Circles can be assembled into a series to create either an array or a video to

capture the development of electrophysiological data in time.
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insula

hippocampus posterior

Figure 20: Circular visualization.

Correlation between individual contacts (inner connections). Histogram of HFO count
in frequency bands from low frequencies to high, inner to outer direction (inner circle).
Total relative HFO count (middle circle). Pathology of channels (outer circle, SOZ -red,
IZ — green, nonSOZ — blue). Contact sections are divided according to the structure in

which they were located
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10 ACHIEVED SCIENTIFIC RESULTS

Even though all described algorithms are constantly being improved they have
already been used for clinical and research applications both at Mayo Clinic as well as
FNUSA. This section is a brief result summary of finished and ongoing studies that

serves as a proof of concept.

10.1 Spatiotemporal dynamics of high-frequency oscillations

The aim of this study was to evaluate the feasibility of line-length detection
algorithm, investigate the localization of SOZ by HFOs and map the spatiotemporal
characteristics of HFO occurrence in different brain structures and in different

behavioral states. The reference to this study can be found in [67].

10.1.1Data

91 epileptic patients with focal epilepsy were implanted with clinical hybrid
depth electrodes (micro-electrode + macro-electrode) as part of their evaluation for

partial surgical medio-temporal lobectomy.

The data were continually acquired during patients' stay in the intensive care
unit at the sampling frequency of 32 kHz. For storage purposes and reduction of
computation time all macro electrode recordings were filtered by a low pass filter (cut-
off 1 kHz) and decimated to 5 kHz. Because the HFOs were proved to be present in
both macro and microelectrode recordings the detection algorithm was run only on
macro electrode recordings to achieve better clinical relevance and further reduce

computation time. No time segments were excluded from the study.

To determine the seizure onset zone, an automated seizure detector with very
high sensitivity was run on all acquired data prior to human assessment. The detections
were then visually reviewed by an experienced neurologist and the first clear visible
change in iEEG leading to propagating seizure discharges were marked as the seizure

onset and the corresponding channels were marked as seizure onset channels.
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Two experienced neurologists used pre-operative MRI and post-operative CT
images to manually co-register the contact locations for each patient. The MNI
coordinates were used to automatically assign a brain structure to each contact. Since
the study was conducted solely in patients with medi-temporal epilepsy the structures

used for analysis were amygdala, hyppocampus, parahyppocampus and neocortex.

To assess the effect of behavioral states, especially the slow wave sleep, on the
HFO rate 7 recordings were scored by experienced sleep technicians. The individual

behavioral states were — Awake, Stage I, Stage II, Stage III, REM, Unknown.

10.1.2 Brief summary of results

The evaluation of HFO rates in SOZ and nonSOZ proved that HFOs localize
clinically marked epileptogenic areas in the vast majority of the patients. To assess the
population statistics, using HFO rate in one channel as an instance, the Wilcoxon rank
sum test was used with a highly significant result p<0.001. To further evaluate the
applicability of results for prospective studies a separate Wilcoxon rank sum test for
each patient was performed as well as paired t-test for the whole data set. Furthermore,
to investigate the relationship of HFO rates in different structures of temporal lobe the
channels were divided according to their localization in brain (32 patients with marked
anatomical structures) and evaluated with regard to SOZ and nonSOZ. The result is

demonstrated in Figure 21.

To investigate the temporal distributions of HFO rates 7 patients who had sleep
staging were computed and evaluated in different sleep stages. Example figure that
demonstrates HFO temporal changes with regard to sleep stages in one patient can be

found in the supplement section (Supplement 4).
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Figure 21: SOZ localization by HF O rate and spatial distribution of HF Os.

(A) Mean HFO rates in SOZ channels and nonSOZ channels in a subset of 32 patients
with focal temporal-lobe epilepsy. 28 patients (red ticks) had significantly higher HFO
rate in contacts located in SOZ than in contacts located in nonSOZ area (p<0.01,
Wilcoxon rank sum), 4 patients (blue ticks) did not show statistically significant level.
(B) Normalized HFO rates in different areas of temporal lobe provides proof that
pathological HFO rates in one structure might by similar to normal HFO rate in other

Structures.
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10.2 High-frequency oscillations in cognitive processes

The study was conducted in order to investigate the relationship between HFOs
and cognitive processing. The Hilbert 2D detector was used to detect HFOs during
image presentations and their subsequent subjective evaluation in the brain. The whole

study can be found in [68].

10.2.1Data

Twelve patients undergoing intracranial seizure monitoring for surgical
treatment participated in this voluntary study at Mayo Clinic. They were first presented
a set of 80 images and were asked to rate the affective charge of each picture and
remember it for subsequent recall 24h later. In every trial, image was displayed for 6s
followed by 2s of blank screen. After that the patient was prompted to rate the picture's
affective charge on a five-point scale, which ranged from 'very unpleasant' to 'very
pleasant', by pressing a labeled key. The key press initiated an inter-trial interval of 6s

preceding the next trial of this encoding stage of the task.

The recall stage of the task was analogous to the encoding, only this time 140
images were presented including the 80 pictures shown 24h earlier mixed with 60 new
pictures. Images were presented for 6s, followed by 2s of blank screen and then
a prompt screen asking the patient to indicate whether the image was 'old' or 'new' by
pressing the labeled key. The key press triggered a second question asking the subject to
rate their level of certainty on a five-point scale, which ranged from 'very certain' to
'very uncertain'. The key press initiated the 6s inter-trial interval preceding the next

recall trial.

The acquired electrophysiological data were first decimated to 5000Hz, filtered
between 0.1-1000Hz and notch-filtered to eliminate the 60Hz line noise. Bipolar
differential signal was derived using recordings from neighboring pairs of electrodes to
subtract out potential interference from the common reference, to ensure independence
of the output signals in the analysis, and to reduce the non-cerebral artifacts. Data
segments from the task encoding and recall stages were normalized by their standard

deviation and cut into 18s epochs, which stretched from 6s preceding image
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presentation to 6s following image disappearance. Every epoch was visually inspected
for the occurrence of epileptiform discharges and artifacts, and rejected from the
analysis if positive. Data from channels with more than 30 % of such epochs were not

used in the study at all.

10.2.2 Brief summary of results

Changes of HFOs during cognitive processing associated with the encoding and
retrieval of visual images was accompanied by focal increases of HFO power in all of
the studied cortical and limbic structures. The pattern of power induction, confined to
individual electrodes, was maintained across the HFO bands of high gamma, ripple and
fast ripple frequencies. In contrast to the changes observed in the high frequency bands,
theta/alpha/low beta oscillations (4-15Hz) showed widespread global reduction of

power in response to image presentation (Figure 22).

HFOs recorded in different cortical and limbic structures of the processing
stream revealed distinct pattern of gamma, ripple and fast ripple relative distributions.
They lasted on average between 10-30ms and most those detected in the hippocampus
and the amygdala had longer durations than the cortical discharges. Durations of the
ripple band HFOs were consistently longer than the ones of the gamma and fast-ripple
frequencies in all of the studied structures but the prefrontal cortex. Finally, the ripple
and fast-ripple oscillations were very significantly modulated by the task phase (Figure
6) and predicted the affective value and memory of the images (Figure 23), suggesting

an active role of these fast network events in cognitive processing.
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Figure 22: Frequency power during cognitive processes.

Brain images of the normalized power changes recorded from temporal cortical
surface grid electrodes in patient 8 are displayed for 4 frequency bands of oscillations,
snapshot at 4 trial time-points of image encoding. Notice the focal pattern of activation
in all HFO bands, including ripple and fast ripple frequencies, contrasted by uniform

power decrease in the low frequencies.
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Figure 23: Local HFO band responses predict the affective value of encoded

images.

(A; top) Examples of two similar pictures, analogous to the IAPS set of images used in
the study, with neutral and negative dffective charge; (bottom) Cumulative scatterplot
of the HFO discharges detected in the three frequency bands come from a
representative amygdala electrode during the memory encoding (black dots are
individual detections from trials with neutral images; red dots come from trials with
emotionally charged images of the same session; black bar indicates time-course of
image presentation). (B; top) Spectrograms summarize trial-averaged HFO band power
changes in the two trial types from the same session as in 'A’; (bottom) mean trial
counts of the gamma, ripple and fast ripple HFO detection from the same session are
binned across the trial time-course aligned to the spectrograms (* - p<0.01, Wilcoxon
signed-rank test comparison with the matched average count from the 4 'baseline’ bins
preceding image presentation). Notice that this amygdala electrode shows enhanced
HFO power underpinned by significantly increased number of HFO discharges on the

trials with emotionally charged images.
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CONCLUSION

High-frequency oscillations have been studied for over a decade now. All the
studies conducted to date have proven that HFOs can indeed localize epileptogenic foci
in focal epileptic patients and that by resecting pathological tissue with HFO a better
surgical outcome can be achieved, leading to improvement of patients' lives.
Nonetheless, most of the studies used retrospective visual or semiautomated detections
of HFOs. Such approach is a time-consuming process and is prone to reviewer bias. An

automated detection algorithm is needed as a fast and objective method of detection.

A number of HFO detectors have been developed to date at different institutions
around the world. However, due to unclear definition of HFOs, their characteristics and
different recording techniques, all detectors were trained and tested on different
datasets. Moreover, evaluation of developed detectors is not uniform rendering the

results of automated HFO detection incomparable.

The main aim of the presented work was to develop a robust detector which
would be useful for physicians and provide them with additional information about the
localization and spatial spread of epileptogenic focus. The secondary goal was to create
a tool for research of HFO produced by pathological and healthy tissue as well as during

different cognitive stages such as somatosensory processing or sleep and wake cycle.

Three HFO detection algorithms were developed or enhanced in this work. One
is the line-length algorithm which was improved by post-processing steps, aims at use
in clinic and has already been used to investigate the spatiotemporal dynamics of HFOs
in patients with mesio-temporal epilepsy. The second is an algorithm based on a novel
frequency homogeny metric that effectively reduces the false positive detections and
takes human expertise into account through a set of boundary thresholds calculated
from distribution functions created from visually marked HFOs. The last algorithm was
developed for detailed HFO analysis with precise HFO feature estimation and is based
on normalized amplitude envelopes and convolution of narrow band-passed signal and
broad-band passed signal. Its earlier version has been already used for study of HFO

behavior during cognitive task to investigate the normal function of the brain.
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To test the feasibility of detectors from different points of view all detectors
were subjected to three different evaluation methods designed to overcome the common
drawbacks appearing in literature. To test agreement with human reviewers the
detections produced by automated methods were compared with gold standard
detections created by manual review. Precision in HFO feature estimation was tested
with artificial events inserted into iEEG signal and calculated feature values were
compared with the known features of artificial events. Lastly, the ability to localize
pathological tissue based on the count of HFO detections in individual channels was

compared with clinically determined channels from which the seizures originated.

Results of evaluation confirmed effectiveness of each algorithm in the task they
were designed for. While frequency homogeny algorithm had the best performance in
agreement with gold standard detections, Hilbert algorithm showed the best feature
estimation and localization of resected channels and line-length algorithm outperformed

the remaining two in pathological tissue localization.

In order to convey the results to the end user, which is usually a clinician or
a researcher, apt result visualization has to be chosen. Apart from wide-spread bar graph
visualization of HFO count in individual channels, two other methods were developed
in this work. One is a color-coded table with count in individual channels and frequency
information. This allows clinicians to immediately evaluate the HFO analysis and is
currently being used in St. Anne's University Hospital in Brno. The second method is
inspired by visualization techniques in genome research and utilizes circular graphs.
That allows for visualization of different HFO qualities as well as relationships between

individual channels or brain structures.

The future work will focus on detector improvement and on combining their
capabilities to provide better localization of pathological tissue while mapping the
normal function of the brain. For that purpose more visually reviewed events will be
acquired as well as data from multiple centers. HFO differentiation will be done with
the use of machine learning methods and HFO spread will be studied with the use of
brain connectivity methods and causality information. These future studies should
improve both detection as well as general understanding of epilepsy and normal brain

function.
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All detection algorithms as well as evaluation codes mentioned in this work will
be over time published online within the HFO-detect initiative

(https://github.com/HFO-detect) that aims at creating a library of HFO detectors along

with standardized evaluation tools. In conjunction with other algorithms developed
around the world and publicly accessible iEEG datasets this will allow for objective
evaluation of each algorithm with precisely defined evaluation methods. Moreover, it
will allow other centers around the world that have not yet started using HFOs in their
research and in clinic to immediately begin automated detection in intracranial EEG and
contribute with their datasets to the world wide pool. Circular visualization library is
already available for easy installation through python package index (name: “pancircs™)

and the source code is accessible on GitHub (https://github.com/cimbi/pancircs).
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Supplement 4: HF O rates during sleep.

Top — whole recording, middle — sleep part of the recording, bottom — slow wave part of the recording. Red — HFO rate in SOZ channels, blue —
HFO rate in nonSOZ channels, black — hypnogram. Note the oscillatory peaks in HFO rates that correlate with slow wave sleep (green arrows) and

even with slight changes in hypnogram (teal arrows).



