Downloaded from orbit.dtu.dk on: Dec 20, 2017

Technical University of Denmark

)
q
c

i

Detection and Prediction of Epileptic Seizures

Duun-Henriksen, Jonas; Sgrensen, Helge Bjarup Dissing; Kjeer, Troels W.; Thomsen, Carsten E.

Publication date:
2013

Document Version
Publisher's PDF, also known as Version of record

Link back to DTU Orbit

Citation (APA):
Duun-Henriksen, J., Sgrensen, H. B. D., Kjeer, T. W., & Thomsen, C. E. (2013). Detection and Prediction of
Epileptic Seizures. Kgs. Lyngby: Technical University of Denmark (DTU).

DTU Library
Technical Information Center of Denmark

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

e Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
e You may not further distribute the material or use it for any profit-making activity or commercial gain
e You may freely distribute the URL identifying the publication in the public portal

If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.


http://orbit.dtu.dk/en/publications/detection-and-prediction-of-epileptic-seizures(c9b98f5d-b643-45be-a17a-1c10985b6e0c).html

Technical University of Denmark

i

Jonas Duun-Henriksen

Detection and Prediction of
Epileptic Seizures

PhD thesis, October 2012

DTU Electrical Engineering h ®






(© Jonas Duun-Henriksen, 2012

All rights reserved. No part of this publication may be reproduced or transmitted, in any form or by any means,

without permission.

Technical University of Denmark
Department of Electical Engineering
DK-2800 Kgs. Lyngby

Denmark

Submitted in partial fulfillment of the requirements for the degree of Doctor of Philosophy at Technical University of

Denmark.







Preface

During the year 2008, I was writing my Master’s thesis on the subject Seizure Prediction on the Basis
of iIEEG Recordings at @rstedeDTU. Luck would have it, that the newly started company HypoSafe A/S
became aware of my project and invited me and my supervisor Helge B.D. Sgrensen to a discussion
regarding a future collaboration with me as a PhD-student. Our chemistry seemed to match, so in February
2008, the application for an industrial PhD was accepted, and my research project began. Collaborating
partners were the Biomedical Engineering section at DTU Electrical Engineering, Department of Clinical

Neurophysiology at Copenhagen University Hospital Rigshospitalet and HypoSafe A/S.

As it is an industrial PhD 1/3 is financed by the Danish Agency for Science Technology and Innova-
tion under the Ministry of Science, Innovation and Higher Education. The remaining 2/3 is financed by
HypoSafe A/S.

The current PhD dissertation presents the primary research findings during the period from February 2008
to October 2012. It constitutes a partial fulfillment of the requirements for the PhD degree along with other
activities such as teaching, following courses, participating in conferences, supervising students through
bachelor and master projects, and being incorporated into the standard operating procedures at HypoSafe
A/S.

The dissertation consists of a summary report, three original research journal papers, three conference
papers, and one abstract.

Jonas Duun-Henriksen

Kgs. Lyngby, October 2012
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Abstract

Approximately 50 million people worldwide suffer from epilepsy. Although 70% can control their seizures
by anti-epileptic drugs, it is still a cumbersome disease to live with for a large group of patients. The cur-
rent PhD dissertation investigates how these people can be helped by continous monitoring of their brain
waves. More specifically, three issues were investigated: The feasibility of automatic seizure prediction,

optimization of automatic seizure detection algorithms, and the link between intra- and extracranial EEG.

Regarding feasibility of automatic seizure prediction, neither the author nor any other in the seizure pre-
diction society have yet obtained clinical applicable prediction results. However, this should not be taken
as discouraging for the future. New large public databases have emerged during 2012 which might provide
the means to identify patterns leading to reliable seizure prediction algorithms.

More promising results were obtained in the investigating of possible use of an outpatient EEG moni-
toring device for idiopathic generalized epilepsy patients. Combined with an automatic seizure detection
algorithm such a device can give an objective account of the paroxysm frequency, duration, and time of
occurrence. Based on standard EEG data from 20 patients recorded in the clinic, the log-sum of wavelet
transform coefficients were used as feature input to a classifier consisting of a support vector machine.
97% of paroxysms lasting more than two seconds were correctly detected without any false positive de-
tections. This was obtained using a generic algorithm on the signals from only a single frontal channel.
Applying the same algorithm architecture on EEG data from two outpatient children monitored for approx-
imately three entire days each, the sensitivity was 90% and the false detection rate was 0.12/h. When more

recordings are collected, the outpatient algorithm can be further optimized and results should improve.

The final investigation examined the relationship between spontaneous, awake intra- and extracranial EEG.
Seven patients with electrodes placed subdurally as well as subgaleally were used to estimate the field
of vision of a single extracranial channel. By computation of the coherence between the channels, the
well recognized hypothesis stating that the skull acts as an electroencephalographic averager was proven
correct. Although coherence was significant in an accumulation area of 150 cm?, only channels within a
cortical area of approximately 30 cm? showed to increase the coherence. The increase seemed to progress
linearly with an accumulation area up to 31 cm?, where 50% of the maximal coherence was accumulated

2. The coherences of different

from only 2 cm? (corresponding to one channel), and 75% from 16 cm
frequency bands below 16 Hz all seem to have similar declines as a function of the Euclidean distance
between channels. Frequencies between 16 and 30 Hz have a steeper decline and will only show coherent
parts to cortical channels within 60 cm?. There is no coherence for frequencies above 30 Hz at any

distance.

A lot of patients with epilepsy still struggle with a dreadful fear of suddenly having a seizure. The current
PhD study identified topics where an EEG monitor could provide improvement in the patient’s quality of

life. By algorithm development, implementation and testing, a step toward such a device is presented.







Resumé

Cirka 50 millioner lider af epilepsi verden over. Pa trods af at 70% kan kontrollere deres anfald med anti-
epileptisk medicin, er det stadig en besverlig sygdom at leve med for en stor gruppe patienter. Dette PhD-
projekt omhandler hvorledes disse personer kan hjelpes med kontinuerlig monitorering af deres hjerneak-
tivitet. Helt specifikt blev tre emner undersggt: Muligheden for automatisk anfaldsforudsigelse, optimer-

ing af en automatisk anfaldsdetektionsalgoritme og sammenha@ngen mellem intra- og ekstrakranielt EEG.

Angéende automatisk epileptisk anfaldsforudsigelse har hverken denne forfatter eller nogen andre forskere
veret i stand til at opna klinisk brugbare resultater. Dette skal dog ikke tages som nedslaende for fremtiden.
Nye meget store offentlige databaser er abnet op i 2012. De vil forhdbentlig give forskerne mulighed for
at identificere mgnstre i patienternes EEG, som kan fgre til palidelige anfaldsforudsigelsesalgoritmer.

Derimod blev der opnaet mere lovende resultater i en undersggelse af brugen af et ambulant EEG mon-
itoreringsapparat til brug ved idiopatisk generaliseret epilepsi. Kombineret med en automatisk anfalds-
detektionsalgoritme vil sadan et apparat kunne give en objektiv opggrelse over frekvensen, varigheden
og tidspunktet for anfaldsmgnstrenes optreeden. Baseret péa standard-EEG data fra 20 patienter optaget i
klinikken, kunne en log-sum af wavelet transformerede koefficienter bruges som input til en support vek-
tor maskine. Dette resulterede i at 97% af anfaldsmgnstre med varighed pa mindst 2 sekunder blev korrekt
detekteret uden nogen falsk positive detektioner. Dette blev opnéaet med en generisk algoritme pa signalet
fra kun en enkelt frontal EEG kanal. Ved at benytte samme algoritmestruktur pa data fra to ambulante
bgrn, som blev monitoreret i omtrent tre hele dage hver, blev sensitiviteten pa 90% og den falske detek-
tionsrate pa 0,12/t. Nar flere monitoreringer bliver udfgrt, vil algoritmen kunne optimeres yderligere, sa

bedre resultater opnas.

Den sidste undersggelse gik pd sammenhzangen mellem spontan, vagen intra- og ekstrakranielt EEG. Syv
patienter med elektroder placeret subduralt og subgalealt blev benyttet til at estimere synsfeltet for en
enkelt ekstrakraniel kanal. Ved at beregne koh@rensen mellem kanalerne, kunne den anerkendte hypotese
om at kraniet fungerer som spatial midler eftervises. Pa trods af at koharensen var signifikant over et
kortikalt omride pi 150 cm?, var det kun kanaler inden for et omrade af cirka 30 cm? som bidrog til
hgjere koharens. Forhgjelsen var linezr, hvor 50% af den maksimale kohrens blev opnéet ved 2 cm?
(svarende til en kanal) og 75% blev opnéet ved 16 cm?. Kohzrensen for frekvensband under 16 Hz havde
ens fald som funktion af den Euklidiske afstand mellem kanalerne. Frekvenser mellem 16 og 30 Hz havde
et hurtigere fald og viste kun kohzrente vardier for et kortikalt areal pa 60 cm?. Der var ingen kohzrens

for frekvenser over 30 Hz uanset afstand.

Mange patienter keemper stadig med en daglig frygt for et pludseligt epileptisk anfald. Denne PhD-
afhandling identificerer steder hvor en kontinuer EEG monitor kan give patienter en forbedret livskvalitet,
og et skridt mod sadan et apparat er opnéet ved at udvikle, implementere og teste algoritmer til automatisk
anfaldsdetektion.
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db4
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eEEG
e/eEEG
e/iEEG
EEG
EMU

F

FDR
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n.s.

NA
parox.
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RHEEG
sEEG
SUDEP
SVM
TLE
WT

Anti-epileptic drug

Childhood absence epilepsy

Continuous spikes and waves during slow sleep
Computed tomography (scan)

Daubechies 4

Electrocorticography

Extracranial EEG

Extracranial extracranial EEG (comparison)
Extracranial intracranial EEG (comparison)
Electroencephalography

Epilepsy monitoring unit

Female

False detection rate

False prediction rate

Freiburg seizure prediction EEG (database)
Hyperventilation

Intracranial EEG

Intracranial intracranial EEG (comparison)
Idiopathic generalized epilepsy
International League Against Epilepsy
International Workshop on Seizure Prediction 4
Male

Mean phase coherence

Magnetic resonance imaging

Nothing abnormal

Not specified

Not available

Paroxystic

Photic stimulation

Rigshospitalet EEG (database)

Scalp EEG

Sudden unexpected death in epilepsy
Support vector machine

Temporal lobe epilepsy

Wavelet transform
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CHAPTER

ONE

INTRODUCTION

In industrialized countries, the overall prevalence of epilepsy is estimated to be 0.5-0.9% [12]. In Denmark
there are approximately 35.000 epilepsy patients of whom almost 10.000 cannot become seizure free on
traditional anti-epileptic drugs. It is a disease that has a tremendeous impact on life for those involved.
Although most people know someone with epilepsy, they might not be aware of it as it is a disease that is
tabooed in the society. This is most likely due to the society’s ignorant knowledge on the patients. Many
believe that epilepsy patients are disabled and that sufferers are unemployable, unable to drive, play video
games, or watch television. While this is true for a small proportion there are also those at the other end
of the spectrum; epileptics who live normal lives, controlling their condition with drugs or diets. If those
affected by recurring seizures had the possibility of better medication or technological devices providing
safety in form of alarms to relatives or instructions to observers how to react when a seizure strikes, they
might become more equal to those with well treated epilepsy. The industrial partner of the current PhD-
study, HypoSafe A/S, is developing a small subcutaneous EEG monitor for prediction of hypoglycemia in
diabetes patients. They are interested in whether their device can help improving the quality of life for the

epilepsy patients as well. Those aspects led to the following overall objectives:

4 Objectives
- To investigate the feasibility of seizure prediction
- To investigate the state-of-the-art in seizure detection and improve the performance
- To identify the area most applicable for a small EEG recording device, and apply automatic
seizure detection algorithms to decide the detection performance

- To investigate the link between intra- and extracranial EEG

An account for why these objectives was outlined is given at the end of this chapter. First the background
of epilepsy (section 1.3) and the consequences for patients (section 1.4) should be established together

with an introduction of HypoSafe A/S and an evaluation of their interest in the project (section 1.5).




1.1 Thesis Outline

During the PhD-project a total of three journal papers, three conference papers, and one abstract were
completed (see Appendix A). Those papers are the pivot of the dissertation. Instead of paraphrasing the
articles, the main text in the dissertation is focused on why we have made the investigation, a very short
summary of obtained results, and a conclusion that reflects upon the findings and their consequences for
the epilepsy research as well as patient society. When relevant, a discussion of future interest points
are given. Methods, results and discussions dealt with in the papers are not restated in the dissertation
unless new unpublished aspects approaches. Papers with a high degree association are treated in the same

chapters.
The thesis is structured in the following way:

Chapter 1: The introduction to the thesis including an outline of the structure as well as a short introduc-
tion to the physiology behind epilepsy and a discussion of the consequences for the patients and relatives.
Finally, the involved industrial partner, HypoSafe A/S, is introduced and their motive of interest in the

project is explained.

Chapter 2: A study that first proved seizure prediction to be of high interest, but were later discarded
due to a more throughout analysis. The seizure prediction society has changed its belief in the feasibility
of forecasting substantially during the time period of the current project. Results from the new analysis
will be given together with an elaboration upon pitfalls for many new scientists. The expectations for the

future is finally assessed.

Chapter 3: An analysis of how levels in a wavelet transform is dependent on modality (intra- or extracra-
nial EEG), and results from an optimization of the optimal channel selection method that should be used

for intracranial automatic seizure detection.

Chapter 4: An investigation of the optimal channel for automatic seizure detection of childhood absence
epilepsy, and a parameter optimization to estimate obtainable detection performance. Also, a preliminary

outpatient study on patients with idiopathic generalized epilepsy is presented.

Chapter 5: An analysis of and reflections on subdural to subgaleal EEG signal transmission and the

affectors that influence the conduction.

Chapter 6: A conclusion to wind up on the overall objectives and evaluate the findings in the PhD-study.
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1.2 Scientific Contributions

The scientific contributions of this PhD project are mainly collected in three journal papers, three confer-
ence papers, and one abstract. Additional co-authored papers and applications to the Regional Research
Ethics Committee are listed at the end of the following publication list. The numbering refers to their
placement in the appendix. The author of this dissertation is cited as Jonas Henriksen prior to September
2010, and Jonas Duun-Henriksen thereafter.

Journal papers

A.4 Duun-Henriksen J., Kjaer T.W., Madsen R.E., Remvig L.S., Thomsen C.E., Sorensen H.B.D. Chan-

nel selection for automatic seizure detection. Clinical neurophysiology. 2012;123(1):84-92.

A.6 Duun-Henriksen J., Kjaer T.W., Madsen R.E., Jespersen B., Duun-Henriksen A.K., Remvig L.S.,
Thomsen C.E., Sorensen H.B.D. Subdural to subgaleal EEG signal transmission: the role of dis-

tance, leakage and insulating affectors. Submitted to Clinical Neurophysiology.

A.7 Duun-Henriksen J., Madsen R.E., Remvig L.S., Thomsen C.E., Sorensen H.B.D., Kjaer T.W. Au-
tomatic detection of childhood absence epilepsy seizures: toward a monitoring device. Pediatric
neurology. 2012;46(5):287-92.

Conference papers

A.2 Henriksen J., Kjaer T.W., Madsen R.E., Thomsen C.E., Sorensen H.B.D. Patient-specific rigorously
methodological test of the mean phase coherence. IWSP4. 2009. (not published)

A.3 HenriksenJ., Remvig L.S., Madsen R.E., Conradsen I., Kjaer T.W., Thomsen C.E., Sorensen H.B.D.
Automatic seizure detection: going from sEEG to iEEG. Conference proceedings: Annual Interna-
tional Conference of the IEEE Engineering in Medicine and Biology Society. IEEE Engineering in
Medicine and Biology Society. 2010:2431-4.

A.5 Duun-Henriksen J., Kjaer T.W., Madsen R.E., Remvig L.S., Thomsen C.E., Sorensen H.B.D. Cor-
relation Between Intra- and Extracranial Background EEG. Conference proceedings: Annual Inter-
national Conference of the IEEE Engineering in Medicine and Biology Society. IEEE Engineering
in Medicine and Biology Society. 2012:(accepted for publication)

Abstracts

A.1 Henriksen J., Kjaer T., Thomsen C.E., Madsen R.E., Sorensen H.B.D. Proceedings IEC. Feasibility
of Seizure Prediction from intracranial EEG Recordings. Epilepsia. 2009;50(Suppl. 1):73.
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Co-authored papers

e Sorensen T.L., Olsen U.L., Conradsen L., Henriksen J., Kjaer T.W., Thomsen C.E., Sorensen H.B.D.
Automatic epileptic seizure onset detection using matching pursuit: a case study. Conference pro-
ceedings: Annual International Conference of the IEEE Engineering in Medicine and Biology So-
ciety. IEEE Engineering in Medicine and Biology Society. 2010:3277-80.

e Petersen E.B., Duun-Henriksen J., Mazzaretto A., Kjaer T.W., Thomsen C.E., Sorensen H.B.D.
Generic single-channel detection of absence seizures. Conference proceedings: Annual Interna-
tional Conference of the IEEE Engineering in Medicine and Biology Society. IEEE Engineering in
Medicine and Biology Society. 2011:4820-3.

Regional Research Ethics Committee applications (only in Danish)

B.1 Continuous Subcutaneous EEG Measurements for Detection and Prediction of Epileptic Seizures.
Record no. H-1-2009-140

B.2 Repeated Long-term-EEG Measurements in Child Epilepsies. Record no. H-3-2011-054

1.3 Epilepsy

Epilepsy is not one, but many complex neurological diseases manifesting themselves by abnormal electri-
cal activity in larger or smaller parts of the brain. According to the newest proposal from the International
League Against Epilepsy (ILAE), it is defined as [18]:

- a disorder of the brain characterized by an enduring predisposition to generate epileptic seizures and by
the neurobiologic, cognitive, psychological, and social consequences of this condition. The definition of

epilepsy requires the occurrence of at least one epileptic seizure.
While an epileptic seizure is defined as:

- a transient occurrence of signs and/or symptoms due to abnormal excessive or synchronous neuronal

activity in the brain.

Epilepsy is diagnosed by a combination of anamnesis and tests such as video-EEG, CT, MRI, chromosome
and neuro-metabolic examinations. The foundation for the diagnosis is a profound description of the
seizure based on interviews with the patient as well as persons having observed an event. EEG alone
can never confirm nor reject the diagnosis, although it stands as a strong indicator. The interviews of

observers are essential since the cause and the symptoms may vary a lot between the different epilepsies
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as well as seizure types. Some seizures, such as in tonic-clonic epilepsy, involves fierce convulsions of
arms and legs, while others, such as in childhood absence epilepsy, merely consists of staring episodes. It

is therefore of high importance to classify the epilepsy correctly to [24]:

e Give an optimal pharmacological treatment
e Give guidance on prognosis and recurrence risk

e Assess indication for possible further paraclinical diagnosing

Assess indication for non-pharmacological treatment (such as diet, surgery, etc.)

Give guidance on indication for genetic diagnosing

Obtain international understanding of a given classification

A seizure is caused by an abnormal hypersynchronization of the dendritic potentials. This can be due to
lack of neural inhibition or an abnormal high number of excitable cells in a neural column in the cor-
tex. Most likely, the hypersynchronization emerges due to changes in the neurotransmitters or membrane
properties. The onset of the seizure can either be focal or generalized. If focal, the seizure begins at a
confined area in a neural network, and is always restricted to a single hemisphere, although it may evolve
into a bilateral convulsive seizure. The generalized seizures begin somewhere but are rapidly engaging
bilaterally distributed networks [6, 7].

As mentioned previously, a common way to examine e.g. whether the seizure is focal or generalized is by
EEG - preferably together with simultaneous video recording of the patient. Both the interictal (between
seizures) and ictal (during seizures) EEG offer important prognostic and classification information. Inter-
ictal background EEG frequencies that are slower than normal for age can suggest a structural/metabolic
epilepsy, while normal background may suggest genetic or unknown epilepsy.

The etiology is defined as [7]:

Genetic: The epilepsy is most likely a direct result of a known or presumed genetic modification where

epileptic seizures are the core symptoms.

Structural/metabolic: The epilepsy is a consequence of a distinct structural or metabolic condition or
disease, which has been shown to cause a considerable increased risk of developing epilepsy. Those

conditions can be both acquired or genetic.

Unknown: The origin of the epilepsy cannot be determined; it can be genetic or structural/metabolic, but

has not yet been documented.

It is impossible to give a general description of the EEG appearance of an epileptic seizure, although often
it will increase in amplitude, become synchronous across channels and follow a more deterministic pattern

than the background EEG. Onset zone and spread pattern is completely dependent on seizure type.

1.3. Epilepsy 5



Stimulation such as hyperventilation, stroboscopic light or anti-epileptic drug tampering might induce
epileptic seizures. These methods are all used in the clinic to provoke a seizure. If a seizure is persistent
or repeats itself without restitution for more than 30 minutes, the patient is in status epilepticus. All types
of epilepsy can cause status epilepticus, but especially convulsive types are potentially life threatening.
Seizures lasting more than 5 minutes should therefore be suspected to enter status epilepticus and treated

increasingly aggressive according to an established standard [45].

1.4 Consequences for the Patients

As stated in the previous section, epilepsy patients as a group is very heterogeneous. Some are newly born
and some are old. Some have severe convulsions during a seizure while others barely react to it, some
will experience loss of conscience while others do not, and some will undergo progressive retardation
while some might even be intellectually stimulated by the seizures. The consequences for patients having

epilepsy are therefore diverse.

Patients with poorly treated convulsive epilepsy such as generalized tonic-clonic epilepsy frequently suffer
from injuries related to seizures [48]. This is the most apparent hazard, although more looming risks are
hiding behind the syndrome, as summarized in Fig. 1.1. The constant fear of suddenly having a seizure
is the single most crippling aspect and the one that most negatively impacts life span and quality of life
for the patients [4]. It entails a high level of anxiety that can lead to stigmatization as well as depression.

It often makes the patients feel helpless, and they tend to isolate themselves to avoid the embarrassment

Epilepsy / Seizures

Loss of Sacial Long term

Physical risks . - -
control impairments influence

Fractures
Side effects
from drugs

Cognitive
impairment

v

4 & c
= ‘@ o
7] & =
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Figure 1.1: Consequences of sudden, unforeseen epileptic seizures.
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and danger of having a seizure in public. The depression is associated with a suicidal ideation, and thus a

higher suicide rate [22].

Patients having many seizures affecting their conscience (previously denoted complex) such as in child-
hood absence epilepsy, may have learning and attention difficulties. Those problems often result in a poor

ability to stay focused on a certain task and patients might be (wrongly) labeled as misbehaving.

Unless the patient has been seizure free for at least one year, he or she is prohibited to drive, and strongly
advised against swimming. These are just extra factors that adds to the disability. Approximately 70% of
the patients respond to the use of antiepileptic drugs (AEDs), but only 15% of these achieve full control of
seizures without side effects [4]. Most disabling side effects are tiredness and memory problems as well as
dizziness, mood problems, and concentration issues. The pharmacokinetics and -dynamics of newer drug
agents having entered the market during the last two decades have mainly improved the adverse effects,

while the number of patients responding has remained the same [9].

Furthermore, it is well known that patients living with medically intractable epilepsy has a risk of Sudden
Unexpected Death in Epilepsy (SUDEP), defined as sudden, unexpected, witnessed or unwitnessed, non-
traumatic and non-drowning death in patients with epilepsy with or without evidence for a seizure and
excluding documented status epilepticus, in which postmortem examination does not reveal a toxicologic
or anatomic cause of death [32]. Unfortunately, only little is known about how to avoid SUDEP, although
factors such as poor seizure control and no nightly supervision are described as risk increasing.

Based on the understanding of the consequences of epilepsy, it stands clear that technological solutions can
probably help the various problems. The following section reflects on where an EEG monitor developed

by HypoSafe can be of assistance.

1.5 The Role and Interest of HypoSafe A/S

HypoSafe is a relatively new company founded in 2005. They are developing the world’s first 24/7 online
EEG monitoring device dedicated to diabetes patients unable to feel and respond to a critically low blood
glucose level. By warning the carrier before a critically low blood glucose level is reached, the device
prevents hypoglycemia with potentially fatal consequences. The device consists of two parts: An inner
device with electrode contact points that is implanted in the subcutaneous layer, and an outer device with
a processing unit that can be worn behind the ear, see Fig. 1.2. The two devices can communicate through
an inductive link, so that no transcutaneous wires are needed. The outer device is able to provide the inner
device with power through the inductive link, so that no maintenance is needed for the inner device. It can

thus remain implanted for several years.
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Figure 1.2: A sketch of the intended setup of the HypoSafe device.

Today, EEG is primarily monitored by scalp electrodes attached to the head with a cap or special electrode
paste. It is a procedure that takes some minutes, and leaves the patient with wires on the head. HypoSafe
has the idea that there is no need for such large uncomfortable systems that are impossible to carry around
permanently. By a small procedure, the inner HypoSafe device can be implanted across the temporal lope
in just 15 minutes, and after a few days of wound healing it is possible to record EEG instantly simply by
attaching the outer device behind the ear.

Although the device is developed for the purpose of diabetes, it is a logical step to investigate the feasibility
of using the device for other diseases that are manifested as abnormal cortical behavior and observable by
only one or two EEG channels located temporally. The often distinct EEG patterns in epilepsy made it an

obvious choice for the next area.

Since the HypoSafe device is able to deliver days and days of continuous EEG data, it is not economically
feasible to have a trained expert screening it all for pathological patterns. Instead, an automatic seizure
onset detector or predictor should be employed to draw the attention to prominent time periods. Fig. 1.3
describes the possible applications for the HypoSafe device together with an automatic seizure detector or
predictor. The value can be seen as three-fold:

1) Monitoring system: By quantification of epileptic events, an objective value for the frequency and
duration of the seizures can be computed. These informations together with the time of day the seizures

occur can be used by the treating physician to optimize the medication scheme. Instead of the patient and
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Figure 1.3: Possible applications for an automatic seizure detection/prediction device.

relatives taking a day off at work to go to the hospital, have the EEG electrodes attached and wait for the
examination to finish, a measurement with the HypoSafe device can be done at home, as often and as long
time as needed without the concern of spending hospital resources. It will cause less inconvenience for
the patient, health personal, as well as relatives. The intention is to provide lowered expenses and a better
treatment plan.

2) Alarm system: Can be relevant for patients having seizures infrequently, but with a considerable anxiety
of ending up in a dangerous or unpleasant situation due to the attack. The alarm could alert a relative or
health care personal which could give a reassurance to the patient as well as his or hers family. Especially
parents of children with generalized tonic-clonic seizures often report that they cannot sleep if they are not
in the same room as the child. An alarm system would allow the child to sleep in his or hers own room,
and then the parents could come to assist if the alarm intercepts a nocturnal seizure. Older people can also
benefit from an alarm that detects seizures. Imagine an epileptic fit happening at home and the person is
physically injured. An alarm could be sent to a responsible person, who could check up on the patient
and thus avoid him or her lying paralyzed until a random visit by someone. Finally, if the alarm system
was able to predict a seizure, it would render vital importance for a large group of patients with intractable
epilepsy as stated in section 1.4.

3) Trigger therapy: A system that delivers a small dose of fast acting anti-epileptic drugs, cools a certain
part of the brain, or trigger deep brain stimulation could cease a seizure immediately - hopefully before
it really kicks in. The last two methods might help people who do not respond to AEDs, while the first

1.5. The Role and Interest of HypoSafe A/S 9



might help those who are affected by substantial side effects. The drug administration would then only be

triggered when actually needed, instead of a continuous dose.

This brings us back to the objectives in the beginning of this chapter:

The feasibility of seizure prediction should be investigated, as it would have the most epoch-making ef-
fect on the community. With persuasive seizure prediction, epilepsy patients can be alarmed to prevent
dangerous and embarrassing situations and thus hopefully become more confident, extrovert and avoid
depression.

For monitoring purposes, a prospective efficient seizure detection algorithm should be identified and im-
plemented, and the algorithm should be optimized to the epilepsy type which is the most prudent for a
HypoSafe device.

Finally, as the HypoSafe EEG is based on extracranial EEG, it is of high interest to understand how it
relates to the intracranial EEG and how much information is lost due to the transmission through the skull.
While this might not result in direct applicable technologies, it provides basic science leading to better

understanding of extracranial potentials.
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CHAPTER

TWO

PREDICTION OF EPILEPTIC SEIZURES

Most patients with recurring epileptic seizures are affected both physiologically and psychologically. The
constant anxiety of suddenly having an epileptic fit can drive the patients into solitude and depression. If
it is possible to warn the patient a few minutes or perhaps just seconds before the seizure, he or she would
be able to take a whole new set of necessary precautions, and perhaps even do something to prevent the

seizure from ever happening.

The current chapter is a supplement to the abstract Feasibility of Seizure Prediction from Intracranial EEG
Recordings (Appendix A.1) and the conference paper Patient-Specific Rigorously Methodological Test of
the Mean Phase Coherence (Appendix A.2). The following objectives were defined:

fg Objectives

- To investigate the feasibility of seizure prediction by relating to the results of other researchers
and calculating performance estimations on own data.

- To investigate the performance gain by using a patient-specific approach instead of generic.

After the conference paper was presented at the International Workshop on Seizure Prediction 4 IWSP4),
a subsequent analysis showed that it was not possible to extrapolate results to continuously recorded data.
These results have not been published previously, but will be presented here, together with an analysis of
where most researchers make mistakes when they still publish results on seizure prediction and what is
needed to correct these mistakes. The chapter will end up with a conclusion on the feasibility of seizure

prediction.
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2.1 History of Seizure Prediction

The history of automatic seizure prediction dates back to the 1970es although it was not until the 1990es
the field gathered wide interest. Measures such as Lyapunov exponents, entropy, or correlation density
were justified by their ability to model complicated, apparently irregular behavior of nonlinear complex
systems like the human brain. Many of these studies gave enthusiasm toward the ability of predicting
seizures minutes to hours before onset [23, 29].

The new millennium was marked by the transition from uni- to bi- or multivariate measures. New re-
search identified the epileptogenic process to be associated with synchronized changes in a network of
components spread out over the entire brain [31]. This period was also influenced by the possibility of
mass storage of data instead of sample recordings. New assessments of the predictability on long-term
datasets challenged the reliability of the optimistic results reported previously [47]. The problem was,
that prospective statistical evaluation was often never conducted. Validation of the difference between the
preictal and interictal state was not implicit, or an in-sample optimization method lead to heavy overfitting
of data [30].

In 2000, the International Seizure Prediction Group was formed to address the issue of non-conformity in
performance testing. They found that standardization of analysis, data requirements, performance criteria,
and nomenclature was needed [29]. Furthermore, it was concluded that large international databases were

needed to validate the prediction performance on common datasets.

In recent years, the most innovative step that has emerged, was the idea of probabilistic forecasting [25,
40]. Instead of a deterministic approach, where a predictor decides whether a seizure will occur or not
within a given time horizon, a probability for such an event is given. An explicit alarm is thus not raised,
instead, the patient is provided with a probability of how likely it is that a seizure strikes within a given
interval. The Brier score [8], defined as the average quadratic deviation between predicted probability
for an event and its outcome, measures the accuracy of probabilistic forecasting methods. This, together
with modifying the classification threshold with circadian changes showed to make seizure prediction
significant in 38% of patients with intracranial electrodes [40]. The authors state that there is still a large
gap between significant seizure prediction and clinical applicable seizure prediction although they do not
elaborate on where this threshold is.

2.2 Results Based on Rigshospitalet Database Summary

In the paper Patient-specific Rigorously Methodological Test of the Mean Phase Coherence (see Appendix
A.1) we showed that a patient-specific automatic seizure detection algorithm outperformed a generic setup
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based on data collected from four patients admitted to the epilepsy monitoring unit at Rigshospitalet
(RHEEG database). A significant improvement (p-value < 0.05) of 23% in sensitivity and a decrease
of 0.30 false predictions per hour rendered a prediction performance with a sensitivity of 74% and false
prediction rate of 0.23/h. For two out of the tested four subjects, the performance was probably clinically

applicable.

The results were based on the assumption that the mean phase coherence, MPC, between two focal elec-
trocorticographical channels, drops down prior to a seizure as also hypothesized by Mormann et al. 2000,
[31]. For details on the implementation and settings see Appendix A.2 or [23]. At the International Work-
shop on Seizure Prediction 4 (IWSP4), discussions with some of the leading researchers led to further
analysis of data. It was criticized that data were not prospectively collected, and suggested that a surrogate

seizure testing approach was used to test for significance [3].

2.2.1 New Assessment of Results

Originally, the RHEEG database for seizure prediction was collected in the same manner as the Freiburg
Seizure Prediction EEG (FSPEEG) database. Only seizures where at least 50 min of non-ictal data pre-
ceded the onset were included, and at least 24 hours of interictal data that were not within three hours of

a seizure were extracted.

At the IWSP4 this sampling method was criticized as discussed later (see section 2.3). Instead data were
extracted in full, and reviewed for undetected abnormalities in the EEG. Not less than 12 extra paroxysms
(without clinic) were identified in the four patients. Although these paroxysms might not have the same
impact on the life of the patient, we do not know how they affect the EEG in the preparoxystic period, and

should thus be included for analysis.

Fig. 2.1 shows the periods of recording for each patient, together with the identified paroxysms (with
and without clinic) and the calculated mean phase coherence, MPC. This is an overview of the entire
recordings why the detailed shifts are concealed in the resolution. Thus, we are only able to visually
register trends with a duration of at least five minutes. For patient 2 and 3, the MPC seems to be elevated
in the beginning of the recording, and for patient 2 and 4 we see an elevation at the end. A large part of the
interictal EEG for patient 2 and 3 is extracted from the elevated area which explains why exactly these two
patients obtain the best seizure prediction performance. Although one might argue that these two patients
are the only two without paroxysms in the beginning of the file, and thus at that time not in a state close
to initiate a seizure, it is a too small dataset to base such a hypothesis on. Furthermore, as patient 2 had an
elevated MPC level in the end of the recording where multiple paroxysms takes place, the hypothesis of

lowered MPC in the preictal period seems weak.
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Figure 2.1: Overview of patient recordings in the RHEEG database together with identified seizure or paroxysm onsets and the mean phase
coherence for two focal channels.
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Besides the visual overview analysis based on Fig. 2.1, a more detail oriented inspection was carried out.
For each paroxysm, the preceding 60 minutes of MPC was visually studied. No particular drop in MPC

could be identified compared to the interictal period.

Based on the macro as well as micro analysis, it was decided that the data foundation and/or the prediction
method was not fit for seizure prediction. Tendencies did point toward some level of predictability for
some paroxysms, but a very large database with very long continuous EEG recordings were needed before

reliable performance statistics for seizure predictability could be assessed.

2.3 Criticism of the FSPEEG Database

The Freiburg Seizure Prediction EEG database (FSPEEG) is probably the most used database for valida-
tion of seizure prediction algorithms. It is still available at http://epilepsy.uni-freiburg.de/freiburg-seizure-
prediction-project/eeg-database and at the 2011 and 2012 Annual International Conference of the IEEE
Engineering in Medicine and Biology Society no less than four and two papers, respectively, based a
seizure prediction method and calculations on this database. Unfortunately, multiple issues compromise

the quality and credibility of such results:

Data are not extracted in full. Preictal and ictal periods are cut out and presented individually. 11 out
of 87 seizures have a preictal period of less than 60 minutes. Today, it is not agreed upon, whether
the preictal period is likely to be 2 minutes or 4 hours [30]. If it is longer than the period given in
the recorded files, this cannot be tested. Since the prediction horizont can maximally be set to 48
minutes in the FSPEEG database - a potential true preictal event recorded before this period would

render a false positive prediction, that cannot be included in tests on the database.

e For 13 out of 21 patients, all seizures are either recorded before or after the interictal data. This
means that a potential variation of the EEG due to e.g. state of vigilance or drug withdrawal can

confound the results.

For six of the patients, the interictal period is collected as 24 hours of successive recording. For the
remaining patients, periods are removed. This means that the entire circadian rhythm that definitely

influence the EEG is not included.

Sampling frequency is only 256 Hz (512 Hz for one patient). According to the Nyquist frequency,
this leaves us with frequencies up to 128 Hz. Recent research have suggested preictal events in
the 80-500 Hz range [26] and thus mostly outside the available frequency band. If high frequency

oscillations are suitable for predicting seizures, this cannot be tested.
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e Data are not continuous. Recordings for 12 of the patients are divided into epochs of 1 hour, each

with a gap of 1-4 seconds in between.

e Only a subset of three focal and three extra-focal channels from the recordings are given and those
channels were selected retrospectively by neurophysiologists who had knowledge on the entire data

file for each patient.

e There is no information on used reference electrode(s). It is therefore not possible to assess the

influence by it.

e No postoperative outcome is given (Engel class) which might be related to how predictable the

seizures are.

Furthermore, the quality and correctness of the individual seizures might be questioned. In a paper by
Aarabi et al., 2009 [1], the FSPEEG database was used to assess the performance of an automatic seizure
detection algorithm. They discarded nine seizures and more than 200 hours of interictal data (correspond-
ing to 2/5 of all recordings). In a personal correspondence (see Appendix C) they replied to why the entire

database was not used:

"There were a few problems. First of all, the quality of EEG recordings in some patients was not good
enough for any analysis. Then, there were some false seizures that were wrongly determined as seizures.
After verifying them with our EEG expert, We asked epileptologists in the Epilepsy Center of the University
Hospital of Freiburg, Germany, nobody answered, so we had to discard them from our analysis. Regards,
Ardalan”.

Although the approach of discarding data is highly criticizable, it shows that the group has spend time on

evaluating data quality, and found a lot of it unfit for analysis.

2.4 New Large Databases

Section 2.2 and 2.3 showed that seizure prediction research is hindered by limited access to continuous,
high quality, well annotated, broad-band recordings from humans. Although a lot of clinical neurology
departments worldwide record such data on a weekly basis, previously no joint database has existed. This
is probably due to the fact that it is extremely labor intensive to collect, filter and annotate the files.

Recently, two large initiatives have made their data available:

International Epilepsy Electrophysiology Portal (http://www.ieeg.org) funded by the National Institutes
of Health, U24 NS063930-01A1 and the National Science Foundation IIS-1050448, centered at the Uni-

versity of Pennsylvania and Mayo Clinic. The portal opened in June 2012. At least 30 complete records
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are available currently. Only a limited number of active users have access for now, but soon it will open

up for more scientists.

EPILEPSIAE - Evolving Platform for Improving Living Expectation of Patients Suffering from Ic-
tAl Events (http://www.epilepsiae.eu/) a EU-founded FP7 eHealth project (Grant 211713). In September
2012 a dataset consisting of 30 surface recordings and 30 intracranial recordings was made available.
They have announced that a total of 250 datasets (of which 50 are intracranial) will be made available in
2013. Each dataset provides EEG data for a continuous recording time of about 150 hours (> 5 days) on
average at a sampling rate from 250 Hz up to 2500 Hz. Clinical patient information and MR imaging data

(most datasets) supplement the EEG data.

2.5 Conclusion

Although seizure prediction seemed very feasible based on the results at the turn of the millennium, more
statistical approaches later showed that we are still far from a clinical applicable method. Within the
last few months, two large databases with high-quality, long term recordings have surfaced. These will
probably boost the prediction society due to two reasons: 1) scientists without a clinical collaborator
now have access to data, 2) the individual research groups are able to compare the performance of their
prediction algorithms on the same data and thus obtain better estimates of the most promising methods.

Unfortunately, at the time being, no papers based on any of the large databases have yet presented results

showing clinically applicable seizure prediction results.

The present project stopped focusing on seizure prediction when it became clear that data were too limited
to make statistical reliable algorithms. Perhaps when very long-term outpatient data become available,
recorded with a device such as the HypoSafe device, we are able to observe true predictors for epileptic

seizures.
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CHAPTER

THREE

DETECTION OF SEIZURES
INTRACRANIALLY

After the automatic seizure prediction project was postponed, automatic seizure detection became the field
of interest. Most of the large acquisition systems for routine EEG applications have their own software
for automatic detection of seizures. Trying the algorithms in Stellate Harmonie (Stellate Systems Inc.,
Montreal, Canada) quickly showed some limitations of the system. Most obvious was the lack of an
automated approach to select which channels to analyze. If all channels were used, focal seizures without
spread might be missed, if a single channel was used, multi-focal epilepsy might miss some seizures and

the algorithm would be very sensitive to noise in the signal from that channel.

The current chapter is a supplement to the papers Automatic seizure detection: going from sEEG to iEEG
(Appendix A.3) and Channel Selection for Automatic Seizure Detection (Appendix A.4).

The following were defined as objectives:

4 Objectives
- To identify the most promising automatic seizure detection algorithm in scalp and intracranial
EEG.

- To optimize the algorithm for automatic seizure detection.

- To investigate how channels should be included for optimal automatic seizure detection.

Many of the criticized problems with the FSPEEG database for seizure prediction (see section 2.3), are
also true if the database is used for seizure detection evaluation. Still, it was used in our study of algorithm
setup differences between scalp and intracranial EEG (sEEG and iEEG) in lack of better. The validity of
the core finding: “which levels in a wavelet transform are optimal to use”, should not be questioned, but

the detection performance might be biased.
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For the study on channel selection, the Flint Hills Scientific database was acquired [19]. It was, at the

time, the most comprehensive publicly available iEEG database.

3.1 Results Summary

In a preliminary literature study, it was found that an approach involving a wavelet transform and log-
sum calculation of windowed subbands as features and a support vector machine (SVM) for classification
yielded good results for scalp EEG [43]. For details on the implementation and settings see Appendix A.4.
When the same algorithm was applied to the focal channels of the intracranial EEG data in the FSPEEG
database, the best features included wavelet detail level 1-7 containing frequencies from 1-128 Hz. In the
original paper on sEEG, only level 4-7 containing 1-16 Hz were used for detection. Their implementation
reached a sensitivity of 91% and a false detection rate (FDR) of 0.22/h [43]. Using the same wavelet
detailbands on iEEG resulted in a sensitivity of 86% and an FDR of 0.39/h, but extending the wavelet
levels to 1-7 yeilded a considerable improvement to a sensitivity of 96% and an FDR of 0.20/h. The
results can be difficult to compare since they are based on two different patient groups, but within the
intracranial dataset, an improvement of 10% in sensitivity and 0.19/h in FDR was obtained by inclusion
of the wavelet detail bands containing higher frequencies. The performance results were very similar to
those reported by others [11, 20].

As mentioned in section 2.3, one of the problems with the FSPEEG database, is that channels are selected
and categorized as focal or extra-focal retrospectively. This means that a person with knowledge of the
entire dataset has chosen those channels he or she has found most fit for analysis. This is retrospective
knowledge that should not be available when optimizing algorithms in a training phase and it preludes the

opportunity of online analysis. A prospective way of selecting channels would thus be of high value.

At the IWSP4 the Flint Hill Scientific database with 10 long-term ECoG recordings was released. We
acquired this database, and implemented the wavelet transform for feature selection and support vector
machine for classification as described in appendix A.4. For optimal selection of channels, several ap-
proaches were investigated: 1 and 2) maximum variance during training seizures (var) with and without
background variance extracted, 3 and 4) maximum entropy during training seizures with and without
background extracted, 5) maximum Fisher criterion with seizure data and interictal data constituting the
two classes (not shown in paper), 6) maximum components in a principal component analysis (not shown
in paper), 7) after choice by a neurophysiologist who only saw the training seizures and interictal EEG, 8)
using the retrospectively appointed focal channels by specialists at Flint Hills Scientific, and finally 9) an

approach that chooses the channels totally by random.

Best automatic channel selection method was maximum variance during training seizures and the selection

made by the neurophysiologist. A sensitivity of 96 % and false detection rate of 0.14/h were obtained for
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these two methods. This is an increase of 4% in sensitivity compared to seizure detection using channels
recorded directly on the epileptic focus. The optimal number of channels to include in the algorithm is

between three and six (see Fig. 6 in Appendix A.4).

3.2 C(Conclusion

Substantial improvements were obtained when three to six channels were used instead of e.g. one or
more than 10. These channels should be chosen by their high variance during seizures instead of the focal
onset. Since the mean of an EEG signal is zero, the variance is proportional to the power in the signal.
High amplitude, and thus high power during the seizures is expected to provide easier automatic seizure
detection. Thus, the finding of high variance as optimal channel selector is not surprising.

Not only have the papers described in this chapter contributed to a more automatized seizure detection
approach, it has also contributed with knowledge for the neurophysiologists on how to interpret EEG
recordings. It is clear from the findings that the focal channels are not necessarily those with the highest

amplitudes and therefore not necessarily most suitable for seizure detection analysis.
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CHAPTER

FOUR

AUTOMATIC DETECTION OF CHILDHOOD
ABSENCE EPILEPSY SEIZURES

In the previous chapter, efficient methods for feature extraction and classification were identified. Even
though a lot of groups around the world are working on optimization of automatic seizure detection, it
seems as though only few plan to incorporate their software with own or collaborators hardware. The
current PhD project set out to investigate how such an integrated system could work. In this chapter,

preliminary steps toward a surface HypoSafe monitoring device and algorithm are explained.

The current chapter is a supplement to the paper Automatic Detection of Childhood Absence Epilepsy
Seizures: Toward a Monitoring Device (Appendix A.S).
The following were defined as objectives:

4 Objectives
- To identify a patient group suitable to gain from a HypoSafe monitoring device.
- To identify, extract and anonymize EEG recordings from this patient group available in the
database at the Department of clinical neurophysiology, Rigshospitalet.
- To optimize the feature extraction and classification routine for these recordings and investigate

which channel that gives the best results if only a single channel is used.

- To evaluate the feasibility of monitoring outpatients with a seizure detection algorithm.

This chapter constitutes the applied science in the dissertation. The objectives originate directly from the
interest of HypoSafe A/S. It will therefore follow a form where prospective patient groups are investigated
by literature study and interviews. A clinical pilot study then provided the foundation for a final outpatient
study. In the end of the chapter, a reflection on how health care personal might employ information given

by the HypoSafe device is given.
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4.1 Patient Groups with Monitoring Benefits

Like most other published algorithms, the method for automatic seizure detection explained in chapter 3
does not focus on a specific patient group other than it is epilepsy patients monitored intracranially in an
epilepsy monitoring unit. This seems to be undesirable as the seizures have very different morphologic
appearance in the EEG. For that reason, a primary group suitable to gain from a HypoSafe device should
be identified. A literature study together with discussions with, among others, chief physician, PhD, MD
Troels W. Kjar from Department of Clinical Neurophysiology, Rigshospitalet, chief physician, PhD, MD
Sandor Beniczky from the Danish Epilepsy Center, Dianalund and professor, PhD, MD Peter Uldall from
Pediatric Department, Rigshospitalet led to identification of three potential groups of epilepsy patients

with a probable need of an unobtrusive monitoring device:

Childhood Absence Epilepsy (AE): Absence epilepsy is a rather common type of epilepsy that occurs
in children between the age of 4-10 years. Seizures are characterized by being brief (approximately 4-20
s) but frequent. Some patients experience hundreds a day. The children do not experience the absences
themselves as they involve severe impairment of consciousness. This means that the children are often
having attention deficits and thereby also learning difficulties. Diagnosis is made upon history of absence
seizures and the observation of approximately 3 Hz spike-and-wave discharges in a standard EEG. Those
discharges occur simultaneously all over the brain, although the amplitude is known to be higher in the
frontal region [39]. Parents and other observes are often extremely underestimating the true number of

seizures [27].

Prognosis is excellent in well-defined cases with most patients growing out of their epilepsy after a few
years. The purpose of medication is to eliminate or reduce the frequency of the absence seizures, without
causing side-effects more serious than the epilepsy itself. There is often a correlation between the number
of discharges and size of medication dose. It is debated how long a medication scheme must be con-
tinued before an off-medication trial period should be conducted [36]. Phasing-out of the anti-epileptic
drugs is often initiated after two years of seizure freedom. EEG confirmation of no seizure recurrence is
recommended.

Currently there are about 5000 children with absence epilepsy in Denmark with approximately 1500 new
cases every year. Each child is followed by specialized clinics to assess the state of their epilepsy. A
monitoring device will give an objective account of the frequency, duration, and time of day the paroxysms

occur, leading to a hopefully better medication scheme.

Continuous Spikes and Waves during slow Sleep (CSWS): An epilepsy type often with a partial-onset.
Occurs in children between 4 and 12 years of age. It is characterized by abnormal nocturnal EEG patterns
without clinic. The patients outgrow the abnormal patterns, but have undergone a severe retardation while

it lasted. Parents are thus often willing to undergo inconvenient examinations to ensure optimal treatment.
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Early medication is recommended to prevent cognitive deceleration.

Today, patients are monitored twice a year. A more frequent monitoring will probably be of high value for

more optimal anti-epileptic drug dosing. There are perhaps only 50 CSWS patients in Denmark.

Temporal Lobe Epilepsy (TLE): A partial-onset epilepsy that can show secondary generalization.
Partial-onset epilepsies account for about 60% of all adult epilepsy cases, and TLE is the most com-
mon single form causing refractory epilepsy. Patients can be of any age, although children and elderly
have much higher prevalence. In order to assure correct diagnostics and choose the right treatment reg-
imen the most complex patient cases requires hospitalization for 14-30 days. It will have a huge impact
for the treatment resistant patients if they have an alarming device that can inform a relative or health care
professional when a seizure is detected. Most drug resistant TLE patients would probably be interested in

such a device.

Furthermore, the device is of high interest for monitoring purposes. Since many TLE patients do not
experience the seizures themselves, an objective account of the frequency, duration and typical time of day
of seizure occurrence, could provide a better consultation and perhaps optimization of medication scheme.
At the Danish Epilepsy Center they have approximately one TLE patient in their epilepsy monitoring unit

every week.

4.1.1 Evaluation of Primary Patient Group

It is believed that a single channel device is sufficient to monitor all of the above diseases, although CSWS
and TLE have a partial onset where the electrode should be placed above that part of the brain. For CAE
and CSWS the device should only be used for offline assessment of seizure activity. The heterogeneity
between EEG appearances is probably higher in the TLE group, making it harder to develop a generic
algorithm for all patients. There are only very few patients with CSWS. Absence seizures are those with

the most distinct onset and termination.

With all of the above facts considered, the focus was chosen to be on CAE. Since the type of epilepsy
is in the softer end of the scale, and the patients are children, it was considered to much of an procedure
to implant the subcutaneous electrodes. A surface device with electrodes placed on the scalp was instead
rendered feasible.

Based on recordings extracted from the database at Department of clinical neurophysiology, Rigshospi-
talet, an assessment of where surface electrodes should be placed and how well paroxysms can be detected
was undertaken. This is the study described in the paper: Automatic Detection of Childhood Absence
Epilepsy Seizures: Toward a Monitoring Device (Appendix A.5).
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4.2 Clinical Performance Summary

The algorithm architecture with a log-sum of the wavelet coefficients in different detail bands and a non-
linear support vector machine for classification, as found effective for seizure detection in the previous
chapter, were implemented (see Appendix A.4 and A.5). In the database at the Department of clinical
neurophysiology, Rigshospitalet, 20 patients with CAE were identified. A total of 11 hours and 23 minutes
of EEG data were extracted containing 125 paroxysms lasting more than 2 seconds. Using only the
F7-Fpl channel 97.2% of paroxysms could be detected without any false detections. Fig. 4.1 shows a
paroxysm together with the gold standard registration by a neurophysiologist, and the automatic detection
by the algorithm. By comparison of the results, the latency and difference in length between the two
can be determined, see Fig. 4.2. The algorithm was able to detect paroxysms only 0.74 4 0.87 s after
the gold standard onset, and it estimated the mean length to be only 1.4 £ 2.1 s different from what the

neurophysiologist found.

The high performance results are based on two important findings: 1) The homogeneous group of child-
hood absence epilepsy patients are exceptionally well suited for automatic seizure detection due to a very
well defined high amplitude spike-wave pattern containing both low and high frequencies distinguishing
it from most artifacts. 2) Inclusion of high frequency detail bands in the wavelet transform. Despite the
fact that only little high frequency content is transmitted through the skull, it still stood out from the back-
ground EEG during paroxysms. Those high frequency detail bands have usually not been included by

others working with similar algorithm architectures for scalp EEG [43, 44].

-100 1

a
o
T
|

Amplitude [pV]
o .
o O
T 3!
| |

100 1

Gold l I
standard

Automatic I |

detection

-2 0 2 4 6 8 10 12 14 16
Time [s]

Figure 4.1: A paroxysm from channel F7-Fp1 obtained in the ambulatory study on patient 6. When the
red line is elevated the neurophysiologist has registered a paroxysm. An elevated blue line indicates the
automatic detection by the algorithm.
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Figure 4.2: A comparison between the algorithm detection and the gold standard registration by a neu-
rophysiologist.

4.3 Feasibility of Outpatient Monitoring

The results given in the previous section are obtained on clinical data with only few artifacts. Resources
are not available at the hospitals to have the patients admitted often for monitoring, neither is it feasible to
have the patient monitored for more than the duration of a standard EEG recording of 30 minutes. In the
cases where more frequent monitoring would benefit the treatment of the patient, a device that is worn on
an outpatient basis an entire day would provide better insight on frequency, duration and time of day the
epileptic paroxysms occur. Since there are no resources to screen such long-term monitoring recordings,

an automatic seizure detector with high performance and robustness against noise should be applied.

This section describes how preliminary outpatient measurements were performed and presents an assess-
ment of obtainable sensitivity and false detection rate. Since it was difficult to find enough childhood
absence epilepsy patients to include in the study, we chose to include all children admitted with or for in-
vestigation of idiopathic generalized epilepsy. Everyone in this group of patients exhibits absence seizures

although these seizures might be atypical or develop into generalized tonic-clonic seizures.
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Table 4.1: Results of previously published studies on ambulatory automatic absence detection. n.s. is
not specified.

Study # of Time # of Minimum Sensitivity FDR
patients recorded channels parox length [%] [/h]

Carrie & Frost [10] 5 10-12h 1 3s 94.8 0.16
Ehrenberg & Penry [17] 7 12h 4 n.s. 85 0.10
Koffler & Gotman [28] 8 20 h 3 n.s. 70 2.4-10
Principe & Smith [37] 6 6h 1-4 3s 91 0.24
Quy et al. [38] n.s. 24 h 4 ls 91.5 n.s. (6%)
Xanthopoulos et al. [49] 6 2-24 h 16 2.1s 94.6 1.07

4.3.1 History of Ambulatory Automatic Absence Detection

Six studies investigating the feasibility of ambulatory monitoring of absence epilepsy patients were iden-
tified [10, 17, 28, 37, 38]. Their results are summarized in Table 4.1. It is remarkable that the first five
dates back to the seventies or eighties, while only the last one is within recent years. Other newer studies
such as [2, 44] have only tested their algorithms on clinical standard EEG data. As mentioned earlier,
those data are almost free of artifacts such as from movement and chewing. Neither do they represent an
EEG originating from the natural impressions in the patients everyday life. A present-day study with an

improved data acquisition systems available is therefore of high relevance.
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Figure 4.3: A) The ActiWave device including a transformer to reduce voltage by half. The green
connector is the reference to the rest of the connectors. B) The electrical circuit in the transformer. The
fourth channel was not used in the experimental setup. BEup and BEdo refers to electrode positions
Behind the Ear, up and down.
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4.3.2 The ActiWave Device

The ActiWave device (CamNtech, Cambridge, UK) was found suitable for outpatient monitoring due to its
small size, see Fig. 4.3A. It is possible to record four channels, all referenced to the same electrode. The
frequency band spans from 0.3 to 50 Hz and the dynamic range is 400 ©V peak to peak. A preliminary
recording on an absence epilepsy patient showed cutting in the signal due to very high amplitude signals
during paroxysms. Therefore, a transformer (based on resistors, not coils) was designed to reduce the
voltage by a factor two, see Fig. 4.3A and B. When all resistors have the same resistance, halving of the
voltage, U, can be shown by Ohm’s law, see Fig. 4.3B:

Irpi—F7 = IRef—1 &
Urpr—r7  URes1
Ri+Royi  Ro
Roy U 4.1
R T Ry, UFPIoFT

1
= §UFp17F7

UReffl =

The resistance was chosen to be 220 k(2. This is much lower than the device input impedance of 10 M2
and much higher than usual skin impedance of approximately 5 k2. The voltage devision will thus only
occur over the resistors. It is important to investigate whether the resistors cause too much noise in the
recording. The noise power from the resistors, R, is equal to the noise power from the parallel connection
of the two. So R = Ry||Ro1 = 220k€2||220kQ = 110kQ. The voltage variance, v2, is then found to:

v2 = 4kpTR
=4%1.3807 % 107 2J /K % 293.15K * 110k (4.2)
=1.82%10715V2 _/Hz

rms

where kp is Boltzmann constant and 7" is the ambient temperature in Kelvin set to 20°C. More interesting
is the noise voltage, v,,, in a given band width, BW . For the ActiWave device this is in the 0.3 - 50 Hz
band due to analogue filters:

v, = \/V2 * BW
= /1.82 % 10-15V2__/Hz * (50 — 0.3)Hz (4.3)
= 3010V s

With the transformer attached, the dynamic range is 800 V. When measuring with 10 bits precision, the
discrete voltage resolution is 800V /210 = 0.78V. As the thermal noise in the resistors is assumed
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white, the resistor noise contribution is small compared to e.g. the discretization noise. When specific
frequency bands are used, BW in equation (4.3) becomes smaller so the resistor noise will have even less
impact.

Furthermore, the transformer has the property that it converts the 1mm connector pins on the device into

1.5mm connector pins as used as standard for electrodes delivered from Ambu (Ballerup, Denmark).

The ActiWave device has only 24 Mbytes of memory available. If sampling frequency is set to 128 Hz
and resolution to 10 bit, the memory restriction only allows 14 hours and 33 minutes of recording on three

channels. If 24 hours of EEG is needed, the device must be switched to a new one during the recording.

4.3.3 Experimental Setup

An application to the Regional Research Ethics Committee regarding repeated long-term EEG monitoring
of idiopathic generalized epilepsy patients was accepted (Danish application in Appendix B.1). In the
protocol, it is described that children with absence epilepsy are asked to participate. They must wear the

ActiWave device for 24 hours during four independent days within approximately one month, see Fig. 4.4.

Two Ambu Neuroline 700 electrodes are attached to the patients forehead (approximately at position Fpl
and F7 according to the international 10/20 system), and two behind the left ear, see Fig. 4.5. The Ambu
Neuroline 700 electrodes were chosen due to their small attachment area but still good contact to the skin.
The positions of the electrodes were based on the result of the clinical as study, as well as the interest
of HypoSafe to investigate if a conceal device behind the ear could be sufficient. Although the electrode

placed at Fpl was used as reference to all orther electrodes, the deviation behind the ear can be obtained

[ standard EEG, Department of clinical neurophysiology
[ 24 h registration, at home

Pediatric B seizure diary
cli‘nic B start and finish questionnaire
Day 0 Day 3 Day 7 Day 30
[ [ | [ | [ |
L 0

Figure 4.4: Sequence of events in the outpatient study. The patient is referred by the pediatric clinic
at Rigshospitalet. At the first day of the study, he or she appears at the Department of Clinical Neu-
rophysiology for a standard EEG. The ActiWave device is attached and records simultaneously. The
ActiWave device remain attached after the standard EEG recording and keeps recordings until the fol-
lowing morning. Another three days of recording with the ActiWave device should be performed within
approximately one month. Study days given in the figure are only indicative.
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mathematically. Electrodes are mounted by a specialist in the morning and removed the following morn-
ing by the patient him- or herself. The only restriction the patients is asked to follow is not to expose the
device to water, otherwise they should retain a normal day.

Data are sampled at 128 Hz with 10 bit precision. Although the results from the clinical evaluation showed
that frequencies in the 50-100 Hz could contribute to improved detection performance it was not possi-
ble to increase the sampling rate due to memory shortage. The device furthermore had a nonadjustable
analogue low-pass filter at 50 Hz, so the gain of a higher sampling frequency would be limited.

The algorithm architecture described in Automatic Detection of Childhood Absence Epilepsy Seizures:
Toward a Monitoring Device (Appendix A.5) was used for training and testing on each patient separately.
Although a generic algorithm should be sufficient [16, 35], data were too scarce to train and test such a
model. Paroxysms registered during the first day of recording were used for training of the model together
with 10 times as many interictal epochs. Afterwards, the same recording was used for classification. All
false positive epochs were included in an updated model. This model was then applied to the remaining
unknown data (the test set). Performance results are only based on the latter test.

Only the channel corresponding to Fp1-F7 was used for analysis as it was found best for automatic detec-

tion in the clinical study [16].

Figure 4.5: Illustration of electrode placement on head. Ambu Neuroline 700 electrodes were used.
Ref-electrode is approximately placed at Fpl and 1-electrode at F7. Electrodes 2 and 3 are placed behind
the upper part of the ear (BEup) and behind the lower part of the ear (BEdo). Head model made by Ben
Cole.

4.3. Feasibility of Outpatient Monitoring 31



Table 4.2: Patient specifications in the study with repeated long-term EEG monitoring. HV is during
or up to three minutes after hyperventilation and PS is during photic stimulation. parox. is paroxystic
activity and n.ab. is nothing abnormal.

. Time
Patient Age Gender HV PS Recorded Note
1 11 M parox. n.ab. 3days2h
2 15 F parox. n.ab. 3days5Sh Atypical absences
3 5 F n.ab.  n.ab. 20 h Epilepsy but no absences
4 14 F n.ab. n.ab. 3days23h  No paroxysms detected
5 8 M n.ab. n.ab. 23 h No epilepsy
6 11 F parox. n.ab. 2days17h
7 16 M n.ab. n.ab. 3 days No paroxysms detected

During the monitoring, parents were asked to be extra aware of absence seizures and note in a seizure
diary if they observe any. They were also asked prior to the beginning of the study what they expect to
gain from the study, how bothered the child is of the seizures, and how bothered the parents are. After
the fourth and final recording parents are asked how they think the study went, if they have gained what
they had hoped for, and how bothered the child was by the device due to psychological and physiological
issues (annoyed by wires, itching at electrodes etc.).

4.3.4 Results

A total of seven patients (three male) were included in the investigation before the deadline of this disser-
tation, see Table 4.2: one did not have epilepsy, one was diagnosed with an epilepsy type not containing
absence seizures, two were well medicated and showed no absences during the recordings, and one showed
atypical absences during the recording. This left us with two patients to test the automatic seizure detection

algorithm on. As this population is very small, the results are reported as two case studies.

Patient 1 is an 11-year-old male with newly diagnosed absence epilepsy. For the first recording he had still
not begun medication. Parents reported that he had a few absences a day but not everyday. Results from
this patient are also reported in [16], see Appendix A.5. Patient 6 is an 11-year-old female with medication

resistant CAE. Parents reported that she had one absence a week.

Table 4.3 summarizes the results for each of the two patients. If the test results are pooled, a sensitivity
of 90% and a false detection rate of 0.12/h is obtained. This results in a positive predictive value of 81%.
For the clinical data the sensitivity was 97.2% without any false detection. The positive predictive value
was thus 100%.
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Table 4.3: Algorithm performance after monitoring on two patients in their every day living. Results are
given as patient 1/patient 6. The fourth day is not available (NA) for patient 6. Supervision time is the
time spend for one or two parents together with the child during the recording.

Day Gold-Standard ~ Parents’ Supervision True False False
Detections Detections Time [h] Positives Negatives  Positives
1 9/22 0/1 8.6/3 All paroxysms used for training
2 18/14 0/0 9.2/3.3 17/14 1/0 1/3
3 2/16 0/1 5.8/9.8 2/13 0/3 1/7
4 0/NA 0/NA 11.6/NA 0/NA 0/NA 0/NA
Total 29/52 0/2 35.2/16.2 19/27 1/3 2/10

For the two patients, a total of 139 hours and 10 minutes of EEG was recorded. The time recorded was less
than (4 days + 3 days)-24h = 168h due to involuntary detachment of electrodes during night and voluntary

early detachment of electrodes in the morning prior to recording of an entire 24 hours.

In the recording period 81 paroxysms lasting longer than two seconds were identified by visual inspection
of the EEG corresponding to 0.58 paroxysms/h. The parents’ supervision time amounted to 51.4 h in which

only two paroxysms were observed. This corresponds to a rate of 0.04 paroxysms/h. Assuming that the

. o . 0.04 Baror. _
paroxysms occur uniformly distributed over the entire day, the parents only detected W -100% =

6.7% of the paroxysms occuring under supervision, and only o a 35’;?32‘&“)‘2“ - 100% = 2.1%
parox.- 5

. , P . 9.2h
of the total number of paroxysms, when correcting for the missing periods without measurements. The

6.7% detection rate is comparable to an earlier study by Keilson et al. [27] who found that only 6% of
daytime paroxysms lasting longer than three seconds were detected by the parents.

According to the questionnaire, three out of seven patients were displeased by wearing the electrodes and
ActiWave device. The parents reported though, that often it was only for the first 15 minutes after it was
mounted. After that, the child almost forgot about it for the rest of the day. For those children with a
positive attitude towards the device, one 11-year-old boy said he looked forward to show it to his friends

in school, and a 14-year-old girl would use it to tell about her disease at her new school.

All of the parents reported that they were pleased with participating in the study. For the parents of
the children where no paroxysms were found, they were pleased to be assured that their child was well
medicated. For the others, one parent was surprised that the child was also having paroxysms at night.
And one family, who only thought their daughter had one seizure a week, was pleased that further tests for
a metabolism disorder were initiated when it was found that she actually had up to 20 paroxysms a day.
Finally, one parent reported that she found her daughter to be more present after paroxysms detected in

the EEG led to an increase in medication dose.
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4.3.5 Discussion

The performance of outpatient monitoring was much better than previous studies, but somewhat worse
than expected. Several issues should be considered though before accepting the results. First of all, it
should be acknowledged that this investigation was only preliminary. No effort has yet been put into
investigating optimization issues when applying an algorithm developed on clinical data onto ambulatory
data. There were obvious artifact issues that should probably be taken care of before feature extraction.
Furthermore, the results are based only on two persons. Even though a patient-specific approach was used,
data included for training of the models was probably too sparse. When more patients are included in the

study, better models can be obtained.

The third study day for patient 6 was contaminated by a lot of white noise probably due to a bad electrode
contact. This day was responsible for the majority of false registrations, i.e. three false negative and seven
false positive registrations. This observation has led to more rigid investigations of electrode contact
quality after attachment to the patient. It has also led to design changes in the device developed by
HypoSafe A/S. The specific changes are confidential but relies among other things to electrode attachment

and standardization of electrode distance.

Patient 1 started medication after the first examination day. On day two he had just started medication
two days previously, so no effect was seen. On day tree (13 days after drug initiation) a drop in number
of paroxysms was identified, and on the final recording day (32 days after drug initiation) no paroxysms
were recorded. This is the text book example of how a well treated patient should react. Although the
extra long-term investigation did not lead to any change in medication, it assured the patient, parents and

physicians that the treatment was effective.

According to the questionnaire answered by the parents, it does seem as though the ambulatory recordings
are equally benefiting the patient as well as the parents. The children do not acknowledge the absences
themselves, so most often they are uncomprehending to what happens to them. They feel intimidated by
a diagnosis affecting their mind, and especially during the pre-teen and teenage years, a self awareness
oppose the enthusiasm towards wearing a device that might contribute to a sickening [5]. Even though the
children do understand that a quantification of paroxystic events might help them, many will rather ignore
the disease. Therefore, a lot of the pressure lies on the parents, who naturally are very interested in how

the status of the epilepsy is for their child.

Further studies are needed before optimal models can be developed and we can reliable assess the per-
formance of an automatic seizure detection algorithm on ambulatory data. The higher quality of the

measurements, the more likely it is to obtain performances close to those obtained in the clinic.
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4.3.6 Decision Support System

Although it is believed that the overall performance can approach the clinical performance when more
and better data are obtained, it is not the idea that the treating physician should never see the paroxysms.
First of all; the physician should validate the detected paroxysms as long as the performance has not been
shown to be perfect. Secondly; information about time-related development of a paroxysm can provide
knowledge to the physician about the state of the epilepsy. For this purpose, a graphical user interface
was developed as seen in Fig. 4.6. In the upper part of the figure, it is possible to evaluate the paroxysm
activity based on the number of paroxysms per hour. The blue accumulation area is found by cross
correlation between a Hanning window with a width of one hour and the detected paroxysms. If the red
stars representing detected paroxysms are pressed, the corresponding EEG trace is plotted in the window
below. In the lower part of the figure, it is possible to follow the trend in the number of detected paroxysms
over time. In untreated cases, the number of paroxysms a day can easily be above 100. The goal is to

archive seizure freedom if it is possible without the side effects causing more harm than the paroxysms.

4.4 Conclusion

An analysis of patient groups likely to benefits from a HypoSafe device showed that there is a solid po-
tential for continuous monitoring. In particular the group of patients suffering from idiopathic generalized

epilepsy would probably obtain a more optimal treatment by a higher degree of supervision of their EEG.

In a clinical study, the optimal placement of electrodes on the scalp was investigated, and the performance
estimated. 97.2% of the 125 paroxysms lasting more than two seconds were detected correctly without
any false detections when analyzing channel F7-Fpl. The missed paroxysms all happened during dozing
and had an irregular pattern compared to the rest of the paroxysms. This study had the advantage of very

few artifacts in the recordings.

A preliminary analysis of an ongoing study on outpatients was not able to obtain the same results. More
data are needed before a final conclusion on the performance can be obtained. With a large database of
paroxysms with and without polyspikes as well as spike-wave frequencies between 2.5 to 6 Hz would
render a better model. Preprocessing algorithms to recognize artifacts could probably also improve the

performance.

Compared to the previous chapter, better performance of seizure detectability was archived on childhood
absence epilepsy patients with only a single channel than on the various epilepsy types used previously.
The fact that a one-channel, generic algorithm on sEEG in this chapter can outperform a three-channel,
patient-specific algorithm on iEEG in chapter 3 shows how heterogeneous the different epilepsy types are.
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Figure 4.6: A graphical user interface to analyze detected paroxysms. In the top figure (based on the
first study day on patient 6), the physician can press the paroxysms marked as red stars in the upper
window and validate the detection, as well as understand the time-related development of the paroxysms.
In the bottom figure (based on all recordings of patient 1), the number of daily detected paroxysms are
presented as a function of time. These figures are for the time being based on the detections made by the
expert reviewer.
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This should therefore always be taken into account when comparing different automatic seizure detection

algorithms.
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CHAPTER

FIVE

LINK BETWEEN INTRACRANIAL AND
EXTRACRANIAL EEG

Anyone who has seen EEG recorded intra- and extracranially knows that there is a difference between
the two. The surface EEG has empirically revealed itself as an efficient diagnostic tool for neurological
diseases, despite the fact that the underlying cerebral substrates of the recorded signal are mostly specula-
tive. As the HypoSafe device is recording subcutaneously, it is of great interest to investigate whether it is

possible to describe the difference between the EEG recorded under and above the skull.

The current chapter is a supplement to the papers Correlation Between Intra- and Extracranial Back-
ground EEG (Appendix A.6) and Subdural to subgaleal EEG signal transmission: the role of distance,
leakage and insulating affectors (Appendix A.7).

The following were defined as objectives:

g Objectives
- To estimate how far from an extracranial EEG channel intracranial EEG is coherent.
- To estimate the cortical accumulation area of an extracranial EEG channel.
- To investigate the influence of frequency dependent attenuation over distance.

- To estimate the influence of electric leakage through the craniotomy and insulating effect of

subdural grids.

Investigational issues that did not fit into the papers will be given in details and results will be summarized.
Finally, a reflection on possible investigations that can extract further information based on the available
dataset (described in Appendix A.6) is given.
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5.1 Investigational Issues

The propagation of electric activity between the cerebral cortex and the scalp has previously been modeled
[21, 33, 34]. Given one potential distribution on the cortex, and one on the scalp, it is possible to establish
a system of relations that permits the passage from one to the other. If the cortically measured potentials
are assumed to represent the electrical sources in the brain, this propagation model is equal to the forward
problem. Although this was modeled for the first time many years ago, no empirically measured data
have ever been published on the propagation of normal human EEG. Fig. 5.1 illustrates how a single
extracranial EEG electrode probably has a field of vision that expands over an area of the cortex.

An application regarding a study with electrodes placed intra- and extracranially was accepted by the
Regional Research Ethics Committee (research protocol in Danish can be found in Appendix B.2). A
total of 11 patients were included, but only seven of them had electrodes aligned intra- and extracranially

applicable for the analysis. The database is described in [15] (Appendix A.7).

5.2 Results Summary

Using simultaneously recorded intra- and extracranial EEG channels, we assessed the size of the cortical
area contributing to the extracranial EEG, and investigated the influence of the craniotomy and the silastic
membrane of intracranial grids on the signal conduction. We estimated the intracranial to extracranial
mapping by analyzing at least 10 minutes of spontaneous, resting, awake EEG and ECoG signals from

seven patients. Extracranial channels showed significant coherence up to 70 mm from the source, cor-

Scalp

Extracranial grid
Skull

Cerebrospinal fluid
Dura mater
Intracranial grid
Brain

Figure 5.1: The field of vision of a single extracranial electrode is believed to be circular on the cortical
surface. Two adjacent electrodes have a large accumulation area in common.
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responding to an area of approximately 150 cm?. Based on spatial averaging of intracranial channels, it
was found that only channels within an accumulation area of 31 cm? contributed positively to a higher
coherence. It was possible to double the coherence values when a mean of 8.8 intracranial channels were
averaged compared to the single intracranial channel with highest coherence. This is a confirmation of
the hypothesis that the skull acts as a spatial averager. The coherence seemed to increase linearly with an
accumulation area up to 31 cm?, where 50% of the maximal coherence was obtained accumulating from

only 2 cm? (corresponding to one channel), and 75% when accumulating from 16 cm?.

When the contributions from the different affectors were analyzed, the Euclidean distance between intra-
and extracranial channels was found to be accountable for 75% of the coherence in the 4-15 Hz frequency
band. The current leakage through the craniotomy and the insulation capacity of the silastic membrane of

intracranial grids were accountable for 12% and 13%, respectively.

The coherences of frequency bands below 16 Hz all seem to have similar declines as a function of the
Euclidean distance between channels. Frequencies between 16 and 30 Hz have a steeper decline and are
only coherent with channels located less than 45 mm apart. There is no coherence between frequencies

above 30 Hz at any distance.

5.2.1 Edge Effect in Coherence as Function of Distance

After submission of the paper in Appendix A.7 a new hypothesis was developed. The model fitted to the
coherence as a function of distance between channels in Figure 4 in the paper showed an initial increase
in coherence for distances between 10-20 mm followed by a steep decline. As the radial distance between
intra- and extracranial electrodes was found to be 12 mm in mean, the values in question are those lying
directly below the extracranial channels. This increase was therefore described as an edge effect due
to physiological differences between patients, as one would think that the channels directly on opposite
sites of the skull would have the highest coherence. Although this might bear a part of the reason, another
hypothesis might explain the lower coherence for very short distances. Fig. 5.1 shows how two extracranial
electrodes next to each other accumulate EEG from the same cortical area. Even though anisotropy of
especially the skull will transmit the signals differently to the two electrodes, the electric fields from the
common area will be very similar. Due to the bipolar setup, most of the signal from the area directly below

the extracranial channel is canceled out.

To test this hypothesis, the extracranial electrode center to center distance was increased from 10 to 30
mm. This should produce a smaller cancellation area, although it will also move the extracranial electrodes
away from the electric signals in between them and thus it might not be included in any of the electrodes
accumulation areas. As with the 10 mm distance setup, the best model was found in R (vers. R 2.15.1).

The coherence was again found to be gamma distributed. A generalized linear model based on a gamma
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Figure 5.2: Coherence as a function of Euclidean distance between channels. In the left figure, the
distance between extracranial channels were 1 cm, in the right figure the distance was 3 cm. Only the
model based on 1 cm interelectrode distance showed an initial increase. This might be due to cancellation
of the electrical signals directly below the extracranial electrodes.

distribution and patients as blocking factor produced the following model:

1
"~ 0.0144 - d2,, + 1.92 - dgage + 6.853239

Oga (dEua dEdge) (51)

Only the squared Euclidean distance between signals, d%u, and the intracranial distance to edge of silastic
membrane, dgqq4., Was found significant on a significance level of o = 0.05. The Euclidean distance
between signals, dg,,, and the extracranial distance to the craniotomy, dcy.qr,, Was no longer significant. It
should be noted though, as the distance between electrodes increases, it is more likely that the electrodes
are placed on either side of the craniotomy. In the case where each electrode is 1.5 cm from the craniotomy,

the calculated distance is 0 cm. d¢.-qs can therefore be difficult to interpret for the 3 cm distance.

Fig. 5.2 shows the models for the coherence as a function of the Euclidean distance between channels
when the other affectors are set to zero. It is difficult to say whether this peculiarity is an actual effect in

the recording, or whether it is purely by coincidence.
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5.3 Future Work

The investigations presented in the papers represent a comprehensive although not all-embracing analysis.
There is still need for a deeper understanding of which intracranial channels that contribute with high
coherence, and how amplitude differences might come into play. The following issues were identified as

reasonable next steps for analysis:

e A high correlation between multiple intracranial channels might be due to synchronization of cor-
tical generators, and thus higher probability for the electric currents to reach the scalp. Whether
high intra- to intracranial coherence also induce high intra- to extracranial coherence should be

investigated.

e Instead of averaging over at least 10 minutes of data and comparing inter-patiently, an analysis
showing intra-patient variability would be of high interest. If we are able to obtain a coherence for
a certain channel configuration of e.g. 0.25 for five minutes, what would the coherence be for the

following five minutes? This would reveal the variability of the cortical generators over time.

e [s there a time delay between intra- and extracranial channels that depends on the distance between
channels, craniotomy and silastic membrane properties? This has previously been reported [14, 42]
although the assumed delays are probably very small (in the s range). This could be investigated

as a phase spectrum analysis which is complimentary to coherence analysis.

e It would have a huge impact if we were able to flip the problem addressed in this chapter, and
calculate the inverse problem, and use the extracranial channels in combination to provide a higher
coherence to an intracranial channel. Unfortunately, this would probably require extracranial grids

instead of strips to archive the needed spatial resolution, and thus a new dataset.

5.4 Conclusion

The area of cortical synchronization necessary to generate a detectable extracranial EEG event has for
decades been thought to be 6 cm? [13]. Recent studies have challenged this figure and state that the area
is more likely to be 10-20 cm? based on visual analysis of epileptic spikes [46]. In the current study,
the focus was on determining the size of the cortical area correlated with the extracranial spontaneous
awake EEG, and what size of area actually contributed positively. A large difference between those two
areas were found. The latter termed the field of vision was found to be approximately 30 cm?. The
spontaneous awake EEG is thus in mean accumulated from a larger area than necessary to produce a

recordable extracranial potential based on spike analysis.
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This study was conducted as basic science although it showed to include a large amount of applied science
in it. The findings can help electroencephalographers on how they should interpret extracranial EEG

records when assessing the cortical substrates.
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CHAPTER

SIX

CONCLUSION

Approximately 50 million people worldwide suffer from epilepsy. Even though most people know some-
one with epilepsy, the disease is tabooed in the society. This is most likely due to an ignorant knowledge
about the patients. Several factors entail a high degree of depression among the patients, and a general
lowered quality of life is expected after being diagnosed with epilepsy [41]. Providing technological so-
lutions to challenges in the everyday life of an epilepsy patient would improve his or hers quality of life.
The work leading up to this dissertation has included making acquaintance of the consequences and prob-
lems of different types of epilepsy. The conclusion is that we are dealing with a group of patients where
many of them would benefit from a HypoSafe device either for monitoring purposes to provide objective
accounts of seizure frequency, duration and time of occurrence, or as an alarm to health care professionals

or relatives who could provide help for the distressed during or after a seizure.

The title of the dissertation reads Detection and Prediction of Epileptic Seizures. It is a wide formulation
that made it possible to examine various issues with the common theme: Using signal processing of EEG
data to help epilepsy patients. The different subjects focused on automatic seizure prediction (chapter 2),
automatic seizure detection (chapter 3 and 4), and the link between intra- and extracranial EEG (chapter
5).

For most patients, the most disabling aspect of epilepsy is the unforeseen nature of the seizures. They
can attack anytime and everywhere. A device capable of predicting seizures and warn the patient would
thus provide tremendous benefits. Although the investigations on seizure predictability in chapter 2 ended
up showing that it is still not possible to obtain clinically applicable performance results, it should not
be taken as discouraging for the future. The new large databases that have emerged during 2012 might
provide the means to identify patterns leading to reliable seizure prediction algorithms. We will probably

see the results of such investigations during the following year or two.

More promising results were obtained in the work described in chapter 4. A continuous monitoring device
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for idiopathic generalized epilepsy patients with an automatic seizure detection algorithm is definitely
plausible when it comes to detection performance. In a clinical study 97.2% of paroxysms lasting more
than two seconds were detected without any false positive detections. This initiated a study based on
outpatients to assess the detection performance when ambulatory artifacts were present. Based on a limited
dataset of only seven whole-day recordings on two outpatients, a sensitivity of 90% and a false detection
rate of 0.12 per hour were obtained. This results in a positive predictive value of 81% but a fair guess is that
better results are obtainable when the quality of the recorded measurements improves and the algorithm is

optimized for outpatient data and the artifacts that follow.

While the EEG of the children was monitored, the parents simultaneously kept a diary where they wrote
down every time they noticed a seizure. Based on these, it was estimated that the parents only detected
6.7% of the paroxysms while supervising their child, and only 2.1% of the total number of daily parox-
ysms. Although the dataset was limited, the results correspond to what was found by others [27]. This
clearly shows that many children with IGE are probably not receiving the optimal treatment due to the
insufficient reporting rate by the parents. This is a clear indication of the need of an objective monitoring

device.

The final investigation treated in chapter 5 examined the relationship between intra- and extracranial EEG.
The anisotropic nature of the brain and skull induce a high variance in the coherence. Results were thus
based on moving average and a gamma-fitted generalized linear model. Although seven patients might
be on the lower limit of needed test subjects, it must be acknowledged that the experimental setup is
difficult, and that pathological issues dictates the placement of electrodes instead of the study design. The
well recognized hypothesis stating that the skull acts as an electroencephalographic averager is correct.
Although the coherence was significant in an accumulation area of 150 cm?, only channels within a
cortical area of approximately 30 cm? increased the coherence. Channels outside this area contributed
with more noise than coherent signal. There is still a lot of work in understanding which cortical areas
that contribute to the extracranial EEG, as well as describing the transfer function across the skull.

Several issues were addressed in the current PhD project and they all yielded interesting results that are
worth continuing to work on and improve. The Biomedical Signal Processing group at DTU Electri-
cal Engineering led by associate professor, PhD Helge BD Sgrensen will try to obtain the EPILEPSIAE
database mentioned in section 2.4, and probably start up projects addressing the feasibility of seizure
prediction again. HypoSafe A/S has shown high interest in the results of automatic seizure detection on
idiopathic generalized epilepsy patients and will continue the project with outpatient monitoring in col-
laboration with the Biomedical Signal Processing group and the Department of clinical neurophysiology.
And finally, chief physician, associate professor, PhD Troels W Kjar from Department of clinical neuro-
physiology, Copenhagen University Hospital Rigshospitalet, found the results on the link between intra-
and extracranial channels extremely interesting and will hopefully be able to run projects investigating the

unique dataset of intra- and extracranial EEG further.
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4-DCPG had partial antiepileptogenic effect, evident as a lower number
and shorter duration of spontaneous seizures. In addition,(S)-3,4-DCPG
prevented impairment of spatial memory observed in adult rats that
experienced SE in early life.

Conclusions: The present findings suggest that group III mGluR may be
considered a promising target for drug therapy in epilepsy. Activation of
these receptors may have not only a short-term, but also long-term bene-
ficial effect.
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FEASIBILITY OF SEIZURE PREDICTION FROM
INTRACRANIAL EEG RECORDINGS
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Purpose: The current project evaluated the feasibility of providing an
algorithm that could warn a patient of a forthcoming seizure based on
iEEG recordings.

Method: The mean phase coherence (MPC) feature (Mormann F et al.
Phys Nonlinear Phenom 2000;3-4:358-369.) was implemented and
tested in a rigorously, out-of-sample manner. The MPC-feature is based
on the synchronization measure, explained through the analytic signal
approach where the Hilbert transform is used to find the instantaneous
phase of an arbitrary signal. By a relative comparison between two differ-
ent iEEG channels the phase synchronization was calculated. The feature
was employed on the FSPEEG database containing 21 patients with
4.1 seizures in average (Winterhalder M et al. Epilepsy Behav.
2003;4(3):318-325.) to assess its predictive performance.

Results: A sensitivity of 55% and a specificity of 62% were obtained
after a unified optimization of threshold value and localization of electro-
des for all patients. These results are just better than a random predictor.
To improve the results the parameters need to be optimized for each
patient individually. Before this can be done, a larger database with more
seizures recorded per patient is needed.

Conclusion: It was shown that it is possible to anticipate an epileptic sei-
zure to some degree. While the obtained results are still far from clini-
cally applicable, they suggest that by optimization of personal
parameters, at least some patients will be able to gain advantage of sei-
zure prediction. The field still needs further investigation though.
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ANTIEPILEPTOGENIC EFFECT OF OREXIN B IN THE
KINDLING MODEL OF EPILEPSY IN RATS

A Morales]'2'3, SBouvardI'Z, M Le Cavorsinl’z'j, CBonnetI'2'3,
B Georges]‘lj, CMoulinl’2’3, HKouchil'2’3, A Belmeguenai1'2'3,
P Ryvlin"?, L Bezin"*?

! Institute for Child and Adolescent Epilepsy IDEE, Lyon,
France,? University of Lyon, Lyon, France, SCNRS UMR5123,
Villerubanne, France

Orexin-B (OX-B) is a hypothalamic peptide likely involved in the regula-
tion of sleep, depression and various behavioral activities including feed-
ing. OX-B may also play a crucial role in modulating hippocampal
excitability during epileptogenesis, since we have previously demon-
strated after pilocarpine-induced status epilepticus that the density of
OX-B-positive fibers arising from hypothalamic neurons was profoundly
reduced in the dorsal thalamus and hippocampus. Here we tested the
hypothesis that OX-B innervation is similarly dysregulated in the

amygdala-kindling model of epilepsy, and that the kindling process is
delayed by OX-B intracerebroventricular (i.c.v.) injection. We found that
fully-kindled adult rats had a reduced density of OX-B innervation in the
dorsal thalamus (-25 £ 9 %, p<0.05) and the dorsal hippocampus (-48 + 7
%, p<0.01), 2 days after the last stage-5 seizure. This reduction was
accompanied by an increase: 1) in the number of OX-B-expressing cells
in the lateral hypothalamus, and 2) in prepro-orexin transcript level in the
hypothalamus. No variation in orexin-receptors 1 and 2 was found at the
transcript level in the hypothalamus and the hippocampus. When OX-B
was injected (0.7 nmole in 6 uL, at 1 uL./min) 30 min prior to each amyg-
dala stimulation, we noted that OX-B did alter neither the stimulation
threshold, nor the after-discharge duration at all behavioral seizure stages.
However, OX-B significantly increased the number of stimulations
necessary to reach stages 3-5 seizures (p<0.001). Altogether, our results
suggest that decreased OX-B innervation may play a role in epileptogen-
esis, and demonstrate that OX-B administration is antiepileptogenic.
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EFFECTS OF AMNO082 ADMINISTRATION ON CORTI-
CAL AFTERDISCHARGES DURING RAT BRAIN
DEVELOPMENT

E Szczurowska, P Mares

Institute of Physioogy Academy of Sciences, Czech Republic

Metabotropic glutamate receptors (mGluRs) are involved in modulation
of glutamatergic neurotransmission and they play a role in many CNS
disorders, including epilepsy. Activation of the group III mGluRs
(mGLUR4, mGluR6, mGluR7, mGIuR8) can represent a therapeutic tar-
get for anticonvulsant drugs. We studied effects of AMNO82 (N,N (E-
dibenzhydrylethane-1,2-diamine dihydrochloride), an allosteric agonist
of mGIuR?7, i.e. a subtype widely distributed throughout the rat brain, in a
model of cortically induced epileptic afterdischarges (ADs). Experiments
were performed in rat pups 12, 18 and 25 days old. ADs were elicited by
six subsequent rhythmic electrical stimulations of sensorimotor cortex
with 20 minutes intervals; after the first AD AMNO82 was injected intra-
peritoneally in a dose of 1 or Smg/kg. Duration of ADs and their transi-
tion into the limbic type of ADs were evaluated. A proconvulsant effect
of AMNOS82 was observed in 12- and 18-day-old rats, where Smg/kg dose
increased duration of spike-and-wave type of ADs. No significant
changes were found in 25-day-old animals. A limbic type of ADs was stu-
died only in 25-day-old rats where this type of ADs is more common.
AMNOS2 (especially the 1mg/kg dose) shortened its duration. Opposite
effects of AMNO82 were found in the two types of cortical after-
discharges. In addition effects vary during development. This may be due
to developmental of mGIuR7 in brain structures involved in of these
types epileptic seizures.

This study was supported by a grant No.305/06/1188 of the Grant
Agency of the Czech Republic.
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EFFECTS OF EARLY POSTNATAL CAFFEINE EXPO-
SURE ON SEIZURE SUSCEPTIBILITY OF RATS ARE
AGE- AND MODEL-DEPENDENT

JTchekalarova]’z, HKubovd], P Mares’

!Institute of Physiology, Czech Academy of Sciences, Prague,
Czech Republic, *Institute of Physiology, Bulgarian Academy of
Sciences, Sofia, Bulgaria

Repeated postnatal caffeine injections led to decreased seizure suscept-
ibility if tested with aminophylline or convulsants influencing GABAer-
gic inhibition. To study if this effect is general we tested convulsant
action of two prototypic agonists of glutamate receptors - N-methyl-D-
aspartate (NMDA) and kainic acid (KA) in immature rats with a history
of five caffeine injections at postnatal days (PD) 7-11 or 13-17. Caffeine
was injected in doses of 10 or 20 mg/kg s.c., control rats received saline.
Convulsants were tested 24 h after the last caffeine injection (i.e. at PD
12 and/or 18) or at the age of 25 days in both exposure groups. Two doses
of convulsants were used in each group; these doses were chosen accord-
ing to our previous description of these two models. Generally, doses had

Epilepsia, S0(Suppl. 10):1-182, 2009
doi: 10.1111/j.1528-1167.2009.02320.x
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Patient-specific Rigorously Methodological Test
of the Mean Phase Coherence

Jonas Henriksen, Troels W. Kjaer, Rasmus E. Madsen, Carsten E. Thomsen, and Helge B.D. Sorensen

Abstract— Because of the limited number of recordings in
existing EEG databases, very few papers have described a
patient-specific methodologically rigorous test of features
for seizure prediction. In this study, we conducted such a
test extracting intracranial EEG from epilepsy patients
with at least 6 seizures and using the mean phase
coherence (MPC) feature.

Methods: The MPC was implemented as described by
Mormann et al., 2000. It was tested in a generic
methodologically rigorous way on the FSPEEG database,
Winterhalder et al., 2003. 10 patients were used for
training of the algorithm’s optimal settings, while the
remaining 11 patients were used for testing. With new
IEEG extractions from Copenhagen University Hospital, it
was possible to obtain training and test sets with adequate
numbers of seizures from individual patients. Preictal data
from 4 patients was extracted from 11, 7, 7, and 6 seizures
respectively together with at least 24 h of interictal data
from each individual. We determined the optimal number
of training seizures using a variant of the leave-one-out
training and test method.

Results: The generic test on the FSPEEG database
resulted in a {sensitivity, false prediction ratio} of {0.51,
0.53/h}. For the 4 new patients, the generic results were
comparable to the FSPEEG database. The patient-specific
approach yielded a mean improvement of {0.23, 0.30/h}. It
was found that 5 seizures were optimal for training.

Conclusions: By making the seizure prediction
algorithm patient-specific, we achieved considerable
improvements in this preliminary study. Clinically

applicable results were obtained from3 out of 4 patients.
So, although there is still room for further improvements,
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it can be expected that many epilepsy patients will benefit
from patient-specific seizure prediction.

Index Terms—Epilepsy seizure prediction,
coherence.

mean phase

I. INTRODUCTION

INCE the time of Hippocrates, epilepsy has been the

subject of interest for many people. Unfortunately, it is
still far from thoroughly understood. Next to headache and
stroke it is the most common brain disorder. About 1% of the
world’s population suffers from epilepsy, corresponding to
approximately 50 millions. Of these, 25% suffers from
seizures which cannot be treated satisfactory with medication
or epilepsy surgery [1]. This group of patients often mentions
that the most disabling aspect is the sudden, unforeseen way in
which the epileptic seizure strikes “like a bolt from the blue”
as they put it. The unforeseen seizures create a risk of serious
injury, but also, the patient gets a severe feeling of
helplessness that has a strong impact on his or hers everyday
life. This creates a social stigma causing considerable
demoralization, frustration and anxiety for the patient as well
as family and friends. ditto

To cope with the unpredictability, some of the patients with
intractable epilepsy have resorted to an alternative way of
securing themselves. They use dogs, which are trained to
anticipate a seizure. ’Seizure-alert dogs” are reported to be
able to warn the owner of a forthcoming seizure within time
periods varying from 15 to 45 min prior to the onset [2]. It is
suggested that the dogs detect subtle changes in the behavior
of the patient that characteristically precede the seizure even
when the patient or relatives close to have no premonition
what so ever.

Since dogs are able to anticipate an epileptic seizure on the
basis of behavioral changes, one would think that these
changes are possible to detect electrically or mechanically as
well. If a method to warn a patient of a forthcoming attack can
be developed, the unpredictability will disappear and thereby
greatly improve his or her quality of life. The feasibility of
developing a prediction algorithm is supported by work done
at research centers around the world. They have found that a
coherence between different mathematical measures applied
on the electrical signals from the brain and the time to seizure
onset exist [1], [3], [4]. Even though, no one has been able to
make the algorithm robust enough to use it in a clinical
setting.

Computerized prediction of seizure onset has shown
promising results in recent years. The goal is to make an
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attention-device that gives an alert to the patient when a
seizure is approaching. The primary obstacle is the lack of
sufficient large databases to make statistical validation of a
patient-specific algorithm rather than a generic “one-size-fits-
all” approach [1]. This is also the reason that only few papers
have described a patient-specific rigorously methodological
test of features for seizure prediction. By extraction of
intracranial EEG from epilepsy patients admitted for epilepsy
surgery with at least six seizures recorded, we have conducted
such a test using the mean phase coherence (MPC) feature.

Il. MATERIALS

A. FSPEEG Clinical Data

The Freiburg Seizure Prediction EEG (FSPEEG) database
consists of intracranial EEG recordings from 21 patients
obtained during invasive pre-surgical epilepsy monitoring in
the clinic. These recordings only contain up to five seizures
per patient. See [5] for further information.

B. RHEEG Clinical Data

The Rigshospitalet EEG (RHEEG) database was created for
the current project. Intracranial EEG data from four patients
undergoing pre-surgical epilepsy monitoring with at least 6
seizures were identified and extracted for further analysis. The
Schwarzer EEG amplifier with 128 channels and a high pass
RC filter of first order with a cut-off at 0.0016 Hz attenuating
6 dB/octave and a low pass Butterworth filter of fifth order
with a cut-off at 70 Hz attenuating 12 dB/octave is used. Data
are stored in 16 bit and digitized at 200 Hz. See Table | and
[6] for further information.

I1l. METHODS

A wide variety of different algorithms with potential for
prediction of seizures have been proposed by different
scientists [4]. One of the best described methods with the
seemingly highest potential for seizure prediction is the mean
phase coherence (MPC) proposed for seizure prediction by
Mormann et al. in 2000 [1]. It is a statistical measure for phase
synchronization based on the most common accepted theories
on epileptogenesis saying that the pathological neuronal
synchronization is playing a crucial role for the development
of a seizure. This is supported by observations that non-
identical, self-sustained, chaotic oscillators synchronize their
phases if the oscillators are weakly coupled (meanwhile, the
amplitudes stay uncorrelated) [7]. The MPC-feature is based
on the synchronization measure, explained through the
analytic signal approach: Through the Hilbert transform, the
instantaneous phase of an arbitrary signal can be found. By a
relative comparison between two different channels, the phase
synchronization is calculated. The MPC was implemented as
described by Mormann et al., 2000 [1]:

where R is the mean phase coherence, and ¢ ; is the relative
phase between two signals, s, and s,, with a ratio of 1:1,
defined from the Hilbert transform, §:

5, (D)8, (1) —s, (1)S, (t)

s, (t)s, (1) + 5, (1)S, (1)
A seizure is predicted when R drops below a certain
threshold set to:

|¢,| =arctan

Threshold = ug —c - oy

where pr and o are the mean and standard deviation of R, and
c is an arbitrary factor. For the generic test, ¢ was found to be
optimal at 1.2 when maximizing the performance function

P = ,/Se - Sp (choice of performance function based on [6]).
The best results were achieved when both signals came from
focal channels. Even though three focal channels were
available, giving three different setup combinations, we only
tested one setup to avoid overfitting.

The MPC was tested in a generic methodologically rigorous
way on the FSPEEG database which contains 21 patients with
2-5 seizures each [5]. 10 patients were used for training of the
algorithm’s optimal settings, while the remaining 11 patients
were used for testing. The seizure prediction horizon was set
to 60 min, while the intervention time was 30 s.

With the new iEEG extractions from RHEEG, it was
possible to obtain training and test sets with an adequate
number of seizures from individual patients. Preictal data from
four patients were extracted from 11, 7, 7, and 6 seizures
respectively together with at least 24 h of interictal data from
each individual. With a variant of the leave-one-out training
and test method, the optimal number of training seizures was
determined. Every possible setup for the given number of
training seizures was used, so a mean and standard deviation
could be estimated.

TABLE |

CLINICAL DATA TOGETHER WITH GENERIC AND PATIENT-SPECIFIC RESULTS
FROM THE RHEEG DATABASE

R= (%Zsin(i(pm( jAt))J {%Zcos(wﬂ( jAt))j

Patient 1 2 3 4 Mean+Std
Seizures 11 7 7 6 7.8+2.2
Interictal | 57 | og 1 | 2ah | 281 | 26.8+1.9h
recordings
Sensitivity

o [%] 91 | 85 | 29 | © 51+44

[«5]

S | False

© | prediction | 0.55 | 0.71 | 0.49 | 0.36 | 0.53%0.15
ratio [h]

£ | Sensitivity

= [%] 87 | 57 | 86 | 67 74432

Z

S | False

% | prediction | 0.17 | 0.06 | 0.15 | 0.51 | 0.23x0.03

& | ratio [h]
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IV. RESULTS

A. Generic Approach

The generic results in Table | are found by using the
optimised parameter values from the FSPEEG database and
apply them on the four new recordings from the RHEEG
database. A mean of 51% of the seizures were predicted with
0.53 false predictions per hour. The results contain large
variance, since patient 1 and 2 actually had sensitivities above
80 %, while patient 3 and 4 only had sensitivities at 29 and
0%.

B. Patient-Specific Approach

We wanted to test how many seizures should be used to
train the parameters for the patient-specific approach. Fig. 1
shows the results when the number of training seizures is
increased from one to five, which was possible for all patients
in the RHEEG database. In this interval it is obvious that the
sensitivity rises, without the FPR becoming much larger.

1 3 T T 3 3
—&S— Sensitivity .I.
& o8l ——FPR
[T
2
S 0.6
2
= 04
‘@
5
» 0.2 —
0 k k k v v
1 2 3 4 5

Number of training seizures

Fig. 1. Mean and standard deviation of sensitivity and false prediction

ratio [/h] as function of the number of training seizures for the patient-

specific method.

One patient had 11 seizures recorded, so to get a feeling on
the development of the curve if more than 5 seizures were
used for training, this patient was trained using up to 10
seizures. Fig 2. shows the result. Naturally, it should be noted
that this result is only based on one patient, and thus very
approximate.
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Fig. 2. Mean and standard deviation of sensitivity and false prediction
ratio [/h] as function of the number of training seizures for patient 1. The
sensitivity increases to 1, while FPR does not get much higher. Since
this study is done on only one patient, we can only assume that an
increasing number of training seizures will render better results.
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Fig. 3. ROC-curves for training of the patient-specific parameters. The
rings mark the best training performance evaluated by determining the
max of P = \/Se - Sp. Parameter values were extracted and evaluated on
the test data. These results are shown by stars.

If we choose the number of training seizures to be five in
the patient-specific approach, we see in Fig. 3 how the ROC-
curve develops when the constant c is varied to choose the
threshold mentioned in the method section. The best value is
chosen by maximization of the performance function P =

J/Se - Sp. It is shown as the round circle for each patient, and
the star indicates the corresponding test performance. The
sensitivity and FPR on the test data are also given in Table I. It
is seen that patient 1 and 3 did best with sensitivities above
80%, while patient 2 and 4 showed sensitivities at 57 and
67%. The first three patients had low FPR while the last was at
0.51/h.

If we compare the generic results between the two different
databases, as shown in Table Il, we see consistency. To test
for statistical significance between generic and patient-specific
results, all generic results are pooled. The mean improvement
between a generic and a patient-specific approach is for the
sensitivity 20% (p-value < 0.04), and for the FPR 0.19/h (p-
value < 0.01).

TABLE II
A COMPARISON BETWEEN GENERIC RESULTS OF THE FSPEEG AND RHEEG
DATABASES
FSPEEG RHEEG Pooled
Test 11 4 15
patients
mean | std | mean | std | mean | std

Sensitivity | 55 39 51 44 54 39
FPR 0.38 | 0.16 | 0.53 | 0.15 | 0.42 | 0.17
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V. CONCLUSION

The generic test on the FSPEEG database resulted in a
{sensitivity, false prediction ratio} of {55%%39%,
0.38/h+0.16/h}, which is in the range reported by others [8].
The results from the test on the RHEEG database can be found
in Table I. The generic seizure prediction results from these
patients are comparable to those obtained with the patients in
the FSPEEG database. When those patients uses a patient-
specific approach, a mean improvement of {23%, 0.30/h} can
be found. This is a statistical significant improvement.

We have shown that by making the seizure prediction
algorithm patient-specific, considerable improvements were
obtained in this preliminary study. Clinically applicable results
were achieved from two out of four patients. So, although
there is still room for further improvements, it can be expected
that many epilepsy patients will benefit from patient-specific
seizure prediction.
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Abstract— Several different algorithms have been proposed
for automatic detection of epileptic seizure based on both scalp
and intracranial electroencephalography (sEEG and iEEG).
Which modality that renders the best result is hard to assess
though. From 16 patients with focal epilepsy, at least 24 hours
of ictal and non-ictal iEEG were obtained. Characteristics of
the seizures are represented by use of wavelet transformation
(WT) features and classified by a support vector machine.
When implementing a method used for SEEG on iEEG data,
a great improvement in performance was obtained when the
high frequency containing lower levels in the WT were included
in the analysis. We were able to obtain a sensitivity of 96.4%
and a false detection rate (FDR) of 0.20/h. In general, when
implementing an automatic seizure detection algorithm made
for sSEEG on iEEG, great improvement can be obtained if a
frequency band widening of the feature extraction is performed.
This means that algorithms for SEEG should not be discarded
for use on iEEG - they should be properly adjusted as
exemplified in this paper.

I. INTRODUCTION

Next to headache and stroke, epilepsy is the most common
brain disorder. Of the world’s population, 1% suffers from
epilepsy. Most of these patients can be treated out of their re-
curring seizures with existing medication, behavioral changes
or epilepsy surgery, but approximately 25% will continue to
experience epileptic seizures [1]. These unforeseen events
are a cause of social stigma for the patients, and cause
considerable frustration and anxiety for themselves as well
as family and friends.

A good seizure detection algorithm could provide a sig-
nificant improvement of life for many patients and their
relatives, if patients are properly warned or the seizures
are treated. Both scalp electroencephalography (sEEG) and
intracranial EEG (IEEG) can be used as modalities for
automatic detection. Scientists using SEEG argue that they
are able to make better detection due to the attenuation of
interictal spikes and the large variety of different patterns
which are not relevant for a simple classification of epileptic
and non-epileptic EEG. The iEEG scientists, on the other
hand, argues that they have a much better signal-to-noise
ratio because their signal is not attenuated by the scalp. That
is why they say they are able to see a clearer picture of what
is going on in the brain especially at high frequencies.
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A direct comparison of automatic seizure detection algo-
rithms between the different modalities, SEEG and iEEG, is
not according to our knowledge done before. The approach
from [2], based on wavelet analysis and classification of
seizures from SEEG has been used as a starting point and
adapted to automatic classification of seizures from iEEG.
An optimization of the feature extraction has been performed,
and improvements will be presented.

II. MATERIALS AND METHODS
A. Clinical Data

The FSPEEG database of the Epilepsy Center of the
University Hospital of Freiburg, Germany consists of iEEG
recordings from 21 patients [3]. All patients suffered from
medically intractable focal epilepsy and were scheduled for
epilepsy surgery. Data were recorded directly from focal
areas during invasive pre-surgical epilepsy monitoring in the
clinic. Data were acquired using a Neurofile NT digital video
EEG system with 128 channels, a sampling rate of 256 Hz,
and a 16 bit analogue-to-digital converter. No filters were
applied to the stored data. Out of the 128 recorded channels,
six were extracted for the database by visual analysis by cer-
tified epileptologists from the Epilepsy Center. Three of these
channels were labeled focal and three extra-focal. For each
patient, pre- and interictal data were recorded. There were
between two and five extracted intervals of 50 to 112 min of
preictal activity for each patient. To be able to make a patient-
specific rigorously methodological training and testing, only
patients with 4 or more recorded seizures were selected. This
amounted to 16 patients with a total of 74 seizures. The
interictal data contained approximately 24 hours of iEEG
without seizure activity. Access to the FSPEEG database
is possible through https://epilepsy.uni-freiburg.de/freiburg-
seizure-predictionproject/eeg-database where additional in-
formation about the dataset is also available. The flow
diagram for data handling can be seen on Fig. 1.

1) Division of data: Data were divided into a patient-
specific training and test set. The ictal training set consisted
of all but one of the patient’s ictal EEG-periods; the remain-
ing being used as test. Performance was then evaluated using
a leave-one-out cross validation scheme. For the non-ictal
training set, random epochs from the first 15 min of each
whole hour of recording were used. This was chosen so that
we had EEG training epochs distributed over the entire day,
which is important since EEG changes due to vigilance varies
during the day. The number of non-ictal training epochs were
optimized as a ratio of the available number of ictal epochs
(Fig. 3 shows the optimization). The test was conducted on
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the last half hour from each whole-hour recording, plus the
last half hour in the preictal recording. Non-ictal testing time
for each patient was then 12.5 hours.

B. Pre-processing

Epochs of 2 seconds (equaling 512 samples) were ex-
tracted and features were calculated and then classified. Each
epoch overlapped the previous with 1 s. Since data were of
varying quality, an artifact removal constraint was applied; if
10 or more following samples had the same value, a hardware
error was anticipated and that epoch could not be classified
as belonging to a seizure. For the signal x(n) this can be
expressed as:

9
Z |x(n—k—1)—x(n—k)|=0=
k=0 M

epoch class =0,

where || denotes the absolute value and epoch class =0
means that it does not belong to a seizure. This is similar to
the approach by Gotman et al.[4].

C. Feature extraction

Many features have been proposed for epileptic EEG
analysis. We have chosen to focus on the wavelet analysis
which is reported to be one of the best performing features
for seizure detection [2].

1) Choosing the right feature: The morphology of EEG
waveforms can be represented by their allocation of energy
within different frequency bands. Normally, this energy is
extracted by use of a short time Fourier Transform (FT). This
represents the evolution of the signal spectrum over time,
but it only reflects fixed frequencies during the entire time-
frequency picture. The introduction of short time windows to
obtain time localization information has a detrimental effect
upon frequency resolution because of a reduced number of
samples used in the FT calculation.

One way to avoid this detrimental effect is by applying the
wavelet transform (WT) instead. It provides a much more
flexible way of representing a signal because of the possibil-
ity of variable sized windows, and hence variable frequency
resolutions. Thus, the WT provides accurate frequency in-
formation but poor time resolution at low frequencies and
accurate time resolution but poor frequency resolution at high
frequencies.

Feature #2
N
o
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1
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4 45
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Flow diagram of data handling.

2) Multi level wavelet decomposition: While a Fourier
analysis of a signal consists of sinusoid decomposition,
a wavelet analysis shift and scale a mother wavelet to
decompose the signal into subbands. Fig. 2 shows how
the discrete wavelet transform is calculated by applying a
lowpass and a highpass filter splitting the signal equally into
its low and high frequency components. The resulting low
frequency subband signal is called approximations, ar, and
the high frequency subband signal is called details, d;. For
each level, L, in the wavelet transform, the approximation can
be divided into a new approximation and detail subband. In
each iteration, the highest frequency in the detail band will
be reduced by half. It is therefore possible to downsample
the signal by the same amount, and thus leaving only half
the data points.

The low- and highpass filters used to calculate the ap-
proximations and details were found on basis of a mother
wavelet. We used the fourth member of the Daubechies

:
a,

d,
L1 | 064\ / 64-128|
az/ d,
2 | o032 \_l 3264 |
a d,
L3 0-16 16-32
34/ dy
L4 | 08\ 8-16 |
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L6 | 02 \_l I_/ 24|
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Fig. 2. 8 levels of wavelet decomposition for a signal x(n) sampled at 256
Hz. gy is the L’th approximation band, and dy is the corresponding detail
subband. The numbers in the boxes are the frequencies represented in the
present box.
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wavelet family. It presents a maximally flat response in its
passband as well as minimal leakage in its stopband [2].

3) Log-sum transform: The subband signals {di, ...,d;}
are not suitable to be used as input to a classifier due to
high sensitivity to noise. Instead a nonlinear log operator
was applied to the summed absolute signal to amplify small
differences [2]:

log (¥ |di(k)])

F(epoch) = ) @)

log (% Id;(K)])

where k is running over the WT coefficients, d; is the lowest
detail band level included in the feature extraction, and d; is
the highest.

Shoeb et al. [2] reported that it was best to use the 4th to
7th decomposition level to extract features from scalp EEG
when using a sampling frequency of 256 Hz. They argued
that these were the time-scales corresponding to frequen-
cies between 0.5-25 Hz where also Gotman et al. [5] had
shown the characteristics of the seizure onset to be present.
All lower decomposition levels did not contain any extra
information. Intracranial EEG has a wider frequency band
because of the high frequency attenuation by the scalp. It is
therefore investigated whether an inclusion of high frequency
containing decomposition levels are beneficial when using
iEEG.

D. Classification

1) Support vector machine: The support vector machine
(SVM) belongs to the class of machine learning classifiers,
which refers to classifiers applying algorithms capable of
learning from data. They work in two steps; the learning
(or training) step, where the algorithm learns an optimal
decision function from a set of input variables (training data),
and the classification step, where it classifies new input data
according to the previously learned decision function.

The SVM is a popular binary supervised learning classi-
fier, which possesses the important property that the deter-
mination of the model parameters corresponds to a convex
optimization problem, so that it will never converge to a
local optimum. A general linear model serves the basis
of the classifier, so it is applied in combination with a
kernel method to formulate nonlinear extensions of the linear
algorithm, whenever nonlinear trends in the data are present
[6]. This is accomplished through proper mapping of the data
to a high-dimensional kernel induced feature space.

The decision boundary is generated by maximization of
the distance margin between chosen support vectors from
the two classes in the training data. The support vectors are
extracted from the training data by choosing those points
which are most similar to the points in the opposite class. We
use the SMV*"package specified in [7], with a nonlinear
radial basis kernel which previously was shown to give the
best distinction between seizure and non-seizure data [2].

2) Temporal constraints: To avoid false detections due
to short-time, seizure-like activity, a temporal constrain,
requires at least 7' consecutive 2-second iEEG epochs to be
declared as belonging to the seizure class [2]. The choice
of T is a trade-off between avoiding a great number of
false detections between actual seizures, and maintaining the
potential for short detection latencies, as well as allowing
for detection of seizures of short duration. 7 = 3epochs
was found to be optimal. When using 50% overlap between
epochs, the shortest duration of a detectable seizure is 4 s.

E. Post-processing

When the temporal constraint is fulfilled and a seizure
determined, a post-processor unifies seizure segments that
are in close temporal proximity [8]. In this refractory period,
new seizures cannot be classified which means that false
detections that occur close to each other will only be counted
as one seizure. If a seizure has multiple detections, these will
also only be counted as one and thereby limit the number
of false positives. The refractory period cannot be too large,
since a false detection shortly before onset can make the
detector miss the true onset, and thus prolong the latency.
The refractory period was set to 30 s.

III. RESULTS

After an optimization which can be seen in Fig. 3 (here
on the d; —d; wavelet transform), we found that the best
performance was obtained with a ratio between ictal and non-
ictal epochs of 8 and a cost-factor, J, of 0.4. This means, that
in the training model, errors on the ictal examples outweigh
errors on the non-ictal examples. If we let the cost-factor
vary and keep all other variables constant, we get the ROC
curve shown in Fig. 4. It is evident that by inclusion of the
lower levels of the WT subband signals, a better performance
can be obtained. There does not, however, seem to be a
significant difference between inclusion of the 8th level or
not. If the performance is optimized by minimization of

Worse

DR
» © &
b e b s b o
DA A N A

Performance (100- Se ) * Fl
v

Best

Non-ictal/ictal training samples

Fig. 3. Optimization of the cost-factor J and ratio between non-ictal and
ictal training samples. The performance defined as (100 — Se) * FDR should
be as low as possible. The best result is for a J = 0.4 and a ratio of 8.
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Fig. 4. ROC of results when making a feature extraction based on different
levels in the WT. The blue line (d4 —d7) corresponds to our implementation
of the method by Shoeb et al. [2]. It is easily observable that better
performance can be obtained when expanding the levels to dy —dy or d| —ds.

(100 — Se) « FDR the best result is a sensitivity of 96.4%
and an FDR of 0.20/h corresponding to 4.8 false detections
a day. The average latency of detection after seizure onset
for this performance is 8.7 s.

IV. CONCLUSIONS AND FUTURE WORKS
A. Conclusions

We have shown that a feature extraction and classifier
optimized for scalp EEG can be used for intracranial EEG
after being properly modified. A method implemented for
SsEEG [2] was reported to reach a sensitivity of 91% and an
FDR of 0.22/h. We showed on Fig. 4 that when implemented
on iEEG it could only perform with a sensitivity of 86%
and an FDR of 0.39/h when settings where similar. If the
method was optimized for iEEG, i.e. inclusion of low level
WT subband signals, it was possible to perform even better
than the original implementation with a sensitivity of 96.4%
and an FDR of 0.20/h. Atlhough the patients belonged to a
quite inhomogenious group [3], it can be seen on Fig. 5 that
the algorithm performed very similar across patients.

B. Future Works

In Fig. 5 it should be noted that the reason that patient
14 and 21 always have one seizure that cannot be detected,
is that they suffer from two different kinds of seizures that
are manifested differently in the EEG. When we train on
one of the types, it was not possible to register the other
type. This could had been counteracted by use of a generic
training database containing EEG manifestations of different
seizure types. A generic training database could also contain
different artifacts which would induce a lower FDR. We will
therefore look into generation of such a database.

Detections
camw s

30— T T T T T T T T T T T T T T

103 4 5 9 10 11 _12 14 15 16 17 18 19 20 21
Patient no.

Fig. 5.  Patient-specific results. In the top panel, the bars indicate the
number of true positives (green) and false negatives (red). Results are based
on the mean of 10 test runs.

In general could we conclude that our findings provided
room for a closer collaboration in algorithm development
between scientist primarily using sEEG or iEEG. We will
look into improvement of existing automatic seizure detec-
tion algorithms by use of simultaneous scalp and intracranial
EEG. We believe that a more robust algorithm with even bet-
ter performance can be obtained when using both modalities
simultaneously.
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o The current study is an evaluation of different methods for channel selection preceding automatic sei-
zure detection.

e When choosing channels for an automatic seizure detection algorithm, best choice is the three channels
with the highest variance during training seizures.

ge;l/lwords: e Using the highest variance selection method, the seizure detection performance is similar to when a
Egé}epsy neurophysiologist chooses the channels he finds best suited.

Automatic seizure detection

Channel selection ABSTRACT

Objective: To investigate the performance of epileptic seizure detection using only a few of the recorded
EEG channels and the ability of software to select these channels compared with a neurophysiologist.
Methods: Fifty-nine seizures and 1419 h of interictal EEG are used for training and testing of an automatic
channel selection method. The characteristics of the seizures are extracted by the use of a wavelet anal-
ysis and classified by a support vector machine. The best channel selection method is based upon max-
imum variance during the seizure.
Results: Using only three channels, a seizure detection sensitivity of 96% and a false detection rate of
0.14/h were obtained. This corresponds to the performance obtained when channels are selected through
visual inspection by a clinical neurophysiologist, and constitutes a 4% improvement in sensitivity com-
pared to seizure detection using channels recorded directly on the epileptic focus.
Conclusions: Based on our dataset, automatic seizure detection can be done using only three EEG chan-
nels without loss of performance. These channels should be selected based on maximum variance and
not, as often done, using the focal channels.
Significance: With this simple automatic channel selection method, we have shown a computational effi-
cient way of making automatic seizure detection.

© 2011 Published by Elsevier Ireland Ltd. on behalf of International Federation of Clinical

Neurophysiology.

1. Introduction

The everyday life of a person with treatment resistant epilepsy
can be very frustrating. The unforeseen nature of seizures has a tre-
mendous psycho-social effect (Gilliam et al., 1997). Though many
new anti-epileptic drugs have been introduced in the last two dec-
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Plads, Building 349, Room 109, 2800 Kgs. Lyngby, Denmark. Tel.: +45 6178 9966;
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fax: +45 4588 0117 (H.B.D. Sorensen).

E-mail addresses: jhe@elektro.dtu.dk (J. Duun-Henriksen), hbs@elektro.dtu.dk
(H.B.D. Sorensen).

ades, the primary outcomes have been towards avoidance of phys-
ical and psychiatric adverse effects and prevention of cognitive
decline in individual patients (Lundbech and Sabers, 2002). Thus,
the percentage of patients with untreatable epilepsy is still approx-
imately 25% as it was 10 years ago (Mormann et al., 2007).

To help this group of patients in whom seizures cannot be pre-
vented, a large group of scientists are investigating the feasibility
of predicting epileptic seizures. If epileptic seizures can be pre-
dicted successfully, it will make the patient able to prepare and
lie down to prevent injury from a fall or by taking a fast acting
anti-convulsive drug that will prevent the seizure. Another poten-
tial of reliable seizure prediction is the automated electrical stim-
ulation or drug intervention. In this way, a forthcoming seizure

1388-2457/$36.00 © 2011 Published by Elsevier Ireland Ltd. on behalf of International Federation of Clinical Neurophysiology.

doi:10.1016/j.clinph.2011.06.001
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could be avoided completely. Unfortunately, it seems that all cur-
rently available methods are still not fully developed (Mormann
et al., 2007). Either the prediction performance is not yet satisfac-
tory or the results have been obtained retrospectively, and true
performance in an online setting therefore not validated.

As an alternative or addition to anti-epileptic drugs, some pa-
tients could benefit from a seizure alarm. Warning care takers of
an ongoing seizure may lead to closer observation or perhaps rel-
evant intervention (Nicolelis, 2001). Such seizure detection system
could provide a significant improvement in quality of life for many
patients and their relatives.

The automatic seizure detection can also be used for daily mon-
itoring of a patient to provide an objective, quantitative measure of
seizure activity. This may enable physicians to test different med-
ications and assess whether a change in therapy would be benefi-
cial without repeatedly having to admit the patient for EEG
monitoring.

Because the characteristics of the electrical activity of the brain
change when a seizure strikes, it is reasonable to base an automatic
seizure detector on EEG-recordings. One of the first widely applica-
ble automatic seizure detection algorithms was that of Gotman
(1982). He used a coefficient of variation as a measure of the dura-
tion of half-waves. Multiple studies have applied this method and
shown sensitivities of 70-95% and false detection rates (FDR) of 1-
3/h (Qu and Gotman, 1993). With increasing computer power
more advanced algorithms have been developed and better perfor-
mances obtained. Osorio et al. (2002) presented a wavelet based
seizure detection algorithm that showed perfect sensitivity and
only 0.1 false detections per hour. However, in their analysis, they

85

chose to count detections of subclinical seizures as true. Khan and
Gotman (2003) improved Gotman'’s original 1982 detection algo-
rithm to be able to detect 90% of the seizures correctly with an
FDR of only 0.3/h.

Based on these reports and other existing automatic seizure
detection algorithms, several systems for epilepsy monitoring are
on the market (e.g. from Zhongdazhong Medical Equipment, Shen-
yang City, China, Cadwell Laboratories, Kennewick, USA, Nihon
Kohden Corporation, Tokyo, Japan or Natus Medical Inc. (former
Stellate Systems Inc.), San Carlos, USA). In general, the automatic
seizure detection algorithms function by use of one or several
training seizures identified by a neurophysiologist. You can then
choose either an automatic or manual channel selection, followed
by a seizure classification with the systems algorithm. As men-
tioned, several researchers have demonstrated strong seizure
detection algorithms, but the attention towards the channel selec-
tion has been limited. The importance of this can be understood by
looking at 50 EEG traces in Fig. 1. Though the patient is affected by
the seizures on most of the channels, it is not trivial to assess which
channels are optimal for automatic seizure detection. Furthermore,
if the selection is based on the assessment by a trained neurophysi-
ologist, it is a subjective and time consuming process.

Some studies describe different ways to select the best features
calculated for all channels (Minasyan et al., 2010; Shih et al., 2009).
If only a limited number of features are selected, this also means
that a reduced number of channels will be used. Unfortunately, it
is a computationally very heavy method necessitating feature cal-
culation for all channels during the training period followed by an
optimization of feature selection. Shih et al. (2009) found the
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Fig. 1. Fifty intracranial EEG traces during a seizure from the recording of patient 2. Assessing which channels to use for automatic seizure detection is not always trivial.
Using all the seizures from the same data set as seen above, a neurophysiologist found the focal channels to be LTAD 1 and 2 and LTMD 1. It is not obvious though, that these

channels are also the best for an automatic seizure detection algorithm.
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optimal number of channels to be in average 4.6 when using a fea-
ture selection approach.

In the present paper we evaluate the performance of an auto-
matic seizure detection algorithm based on different methods for
automatic selection of channels on which the detection is based.
The method thus operates in two stages: first it selects the chan-
nels used for further analysis based on a simple feature, and then
it performs a more comprehensive analysis by a wavelet feature
extraction and support vector machine classification. In a clinical
application, the number of channels recorded intracranially would
not change, but the time spent by the neurophysiologist selecting
the channels for automatic seizure detection analysis is eliminated.
Previous papers have addressed similar multistage approaches
(Glover et al., 2002; Klatchko et al., 1998). They both identify can-
didate segments, and then decide whether they stem from seizure
activity or not. Our approach is somewhat different as it identifies
the best channels for seizure detection, and then focuses the com-
putational power on these channels.

The results are compared with detection performances from
three channels recorded at the epileptogenic focus, and three chan-
nels selected by a neurophysiologist. Furthermore, we have looked
at the detection performance as a function of the number of chan-
nels used as input to the algorithm for automatic seizure detection.

2. Methods
2.1. Clinical data

The Flint Hills Scientific (FHS) publicly available ECoG database
consists of iEEG recordings from 10 patients undergoing inpatient
intracranial monitoring for epilepsy surgery evaluation at the Uni-
versity of Kansas’ Comprehensive Epilepsy Center, Kansas City, USA
(Frei et al., 2008). Data were recorded directly from focal areas dur-
ing invasive pre-surgical epilepsy monitoring in the clinic. Acquisi-
tion of data were done using conventional monitoring equipment
(BMSI; Los Gatos, CA, USA) with 48-64 channels, a sampling rate
of 239.75 Hz, and a 10 bit analog-to-digital converter.

The database contains a total of 59 clinical seizures in 1419 h of
recorded data. Electrode locations are, together with clinical seizure
onset, EEG seizure onset and EEG seizure end, given by expert
visual review. Access to the FHS database is possible through
http://www.fhs.lawrence.ks.us/PublicECoG.htm.

2.1.1. Division of data into training and test set

Data were divided into a patient-specific training and test set.
To maintain causality in testing, training seizures were always ta-
ken from the beginning of the file, and only data after the last

Table 1
Overview of the 10 patients in the Flint Hills Scientific database. Test seizures and test
non-ictal data are based on the use of three training seizures.

Patient  # of Total amount  # of Duration of Duration
no. available  of non-ictal test test non-ictal  of training
seizures data (h) seizures data (h) seizures
1 6 85.4 3 431 5min 32s
2 4 1284 1 83.5 4min 34s
3 4 98.3 1 34.0 6 min 38 s
4 7 167.2 4 78.1 6min0s
5 4 92.3 1 70.1 5min 30s
6 8 2139 5 83.3 5min 31s
7 6 234.7 3 104.8 5min 12s
8 3 117.6 0 40.8 3min40s
9 11 1383 8 35.6 7 min 29 s
10 6 1421 3 66.1 4 min 27 s
Total 59 1419 29 639 54 min
33s

training seizure would be used for testing. The amount of non-ic-
tal training epochs as a ratio of the available amount of ictal
epochs was set to a ratio of 10 (Henriksen et al., 2010). All non-
ictal training epochs were chosen randomly from the training
set. Table 1 states the number of test seizures and hours of
non-ictal test data when the first three seizures are used as train-
ing seizures.

2.2. Channel selection

Multiple problems of channel selection can be addressed: (1)
computational load of the seizure detection algorithm increases
as a function of increasing the number of channels. (2) Computa-
tional load of reducing the number of channels if doing it based
on studying relevant features. (3) Robustness and reliability if
using only a single channel. (4) Potential over-fitting if using many
channels.

While the first two issues are merely a matter of sufficient com-
puter power and time, these are still important to address if faster
and easier algorithms can solve the same task. Issue three concerns
single channel detection which has been shown to suffice for some
patients (Shih et al., 2009), but lack robustness for others. The
problem with the last issue is that the more channels available
for feature extraction, the more features available for the classifier
to discriminate complex patterns. If the seizure patterns have not
spread to more than the channels above the focus, features calcu-
lated on extra-focal channels during this period will have values
equivalent to features calculated on background EEG (or perhaps
pre-ictal EEG). The classifier will therefore have a larger overlap be-
tween the ictal and non-ictal training data. Trying to model this
overlap is over-fitting of data. Later, we will address for how many
channels the over-fitting begins.

Previously, when scientists reported on automatic seizure
detection algorithms, the channel selection was either based on
neurophysiologists’ judgement (Aschenbrenner-Scheibe et al.,
2003; Osorio et al., 2002) or on the features rather than the raw
data from the channels (Minasyan et al., 2010; Shih et al., 2009).
When based on the neurophysiologists’ judgement, it depends very
much on the capabilities of the evaluator. The results of this sub-
jective approach can vary a lot between persons, but also within
one person. It depends on the person’s watchfulness and experi-
ence at the given time he or she selects the channels.

Normally it is the data recorded from channels lying at the epi-
leptic focus, and perhaps those lying in the vicinity, that consti-
tutes the selected channels. However, those channels are chosen
based on the entire recording, including the part that is later used
for testing the performance of the automatic seizure detector. This
retrospective use of knowledge can lead to a result that is not rep-
resentative of the actual performance - especially if knowledge of
the epileptic focus is based primarily on a seizure that comes from
the test part of the data.

Minasyan et al. (2010) used the mutual information concept as
the feature selection criterion. They report that it is a measure of
general interdependence between features within each channel.
This means that it is used for minimization of the number for fea-
tures, but not necessarily for reduction in the number of channels.
Shih et al. (2009) on the other hand, are interested in reducing the
number of channels for lowering energy consumption when the
EEG is used in an ambulatory setting for continuous monitoring.
They use the wrapper approach (Kohavi and John, 1997) for a back-
ward elimination feature selection. The algorithm is trained and
tested with all but the features from a single channel. This is done
for all the channels where upon the least influential channel is re-
moved. The reduction of channels continues until a suitable
amount is reached. With this comprehensive method, Shih et al.
showed that it was possible to reduce the number of channels from
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18 to a mean of 4.6 without loss in performance of automatic sei-
zure detection on scalp EEG.

Our channel selection algorithm is designed to select the best
channels as simple and fast as possible without having to make a
feature extraction for all the channels. We will compare our seizure
detection performance, where the channels are chosen automati-
cally, with the results where the channels are chosen by a neuro-
physiologist who has only been introduced to the training data.
Finally, we will see whether the algorithm actually performs better
when the true focal channels are used as input channels for the
classifier. Following is the description of the methods for channel
selection:

2.2.1. Based on variance
A simple measure of variance of EEG signal amplitude was used
to select the channels for feature extraction and classification.

k

L5 ety - oy

Via(€) = k=

where x. is training seizure data for channel c, p. is the mean of
training seizure data for channel c, and k is the number of samples
of training seizure data. k is thereby equal to the sampling fre-
quency multiplied with the total length of the training seizures
for each patient. The N channels used as input to the classifier were
chosen as the N channels with the highest values of Vi.(c).

chosen channels = n}%x{v,-ct(c)}

This way of selecting the channels will be called ‘var’ in the
following.

2.2.2. Based on difference in variance

The same measure of variance was used as above, but with the
extension that it was also calculated for the non-ictal training data,
Vion-ice(€). The reasoning was that V... represents the back-
ground variance which would then be deducted.

Vdiff(c) = Vict(c) - Vnon—ict(c)

The N input channels are selected in the same way as in the ‘var’
method. We call this way of selecting the channels for ‘dvar’.

2.2.3. Based on entropy

When the EEG is seen as a random variable, the entropy is a
measure of the uncertainty. The information contained in the time
series is given in bits from the following equation:

H(c) = —Z"p(xi)log, p(xi)

where H(c) is the entropy for each channel ¢ and p(x;) is the proba-
bility mass function. The N channels with highest entropy were cho-
sen as input to the automatic seizure detector. This selection
method will be called ‘ent’.

2.2.4. Based on random selection and extra focal channels

The previously described methods all choose the channels by
calculation of a descriptive measure of the EEG. To show that an
intelligent way of channel selection is important, two naive meth-
ods of channels selection were employed. (1) N channels were cho-
sen randomly without any prior knowledge. (2) The N channels
were chosen as data recorded away from the epileptogenic focus.
While the first method will choose channels that contain epileptic
patterns from time to time, the latter method will always miss the
onset.

2.2.5. Based on doctor’s choice
A board certified clinical neurophysiologist was given the part
of data that was preceding and including the patient’s third sei-

zure. This was the training part of the data. He was asked to choose
the three channels (corresponding to N =3 in the previous algo-
rithms) best suited for distinguishing seizures. Three channels
were used for the selection method called ‘doctor’s choice’ because
this often corresponds to the number of channels located above the
epileptic focus. When the different methods are compared with *
doctor’s choice’ N will always be fixed to three. The neurophysiolo-
gist performing this part of the test had never seen this dataset
before.

2.2.6. Based on retrospective focus knowledge

Based on all data available, a trained neurophysiologist from
FHS has identified the electrodes placed above the focus of the sei-
zures for each patient. Though this is a retrospective analysis, and
thus offline, we have included the analysis of focal channels to
evaluate the performance.

If only two channels were identified as focal (three cases), the
nearest electrode was included as well to make the number of
channels equal to those in the other tests. If more than three focal
channels were identified (one case), those furthest apart were se-
lected. Since channels recorded in the vicinity of each other have
a high correlation, we chose those furthest apart to ensure most
diversity in the training data. This will furthermore minimize the
possibility of false positive detections due to non-seizure artifacts
with a small spatial distribution.

2.3. Feature extractions

The algorithm must work online to be applicable in a continu-
ous monitoring device. Epochs of approximately 2 s (480 samples)
were extracted and features calculated. Each epoch overlapped the
previous with 1s.

Many features have been proposed for epileptic EEG seizure
detection. We have decided to focus on the wavelet analysis which
is reported to be one of the best performing features for seizure
detection (Osorio et al., 1998; Shoeb et al., 2004).

2.3.1. Choosing the right feature

The morphology of EEG waveforms can be represented by their
allocation of energy within different frequency bands. Normally,
this energy is extracted using a short time Fourier Transform
(FT), which in turn represents the evolution of the signal spectrum
over time. The introduction of short time windows to obtain better
time localization has a negative effect upon frequency resolution
because of the reduced number of samples used in the FT
calculation.

One way to avoid this detrimental effect is by applying the
wavelet transform (WT) instead. It provides a much more flexible
way of representing a signal because of the possibility of variable
sized windows, and hence variable time and frequency resolutions.
The WT provides accurate frequency information but poor time
resolution at low frequencies and accurate time resolution but
poor frequency resolution at high frequencies.

2.3.2. Multi level wavelet decomposition

While a Fourier analysis of a signal consists of sinusoid decom-
position, a wavelet analysis shifts and scales a mother wavelet to
decompose the signal into subbands. Fig. 2 shows how a discrete
wavelet transform is calculated by applying a lowpass and a high-
pass filter splitting the signal equally into its low and high fre-
quency components. The resulting low frequency subband
signals are called approximations, a;, and the high frequency sub-
band signals are called details, d;. For each level, L, in the wavelet
transform, the approximations can be divided into a new approxi-
mation and detail subband signal. In each iteration, the highest fre-
quency in the detail band will be reduced by half. It is therefore
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Fig. 2. Seven levels of wavelet decomposition for a signal x(n) sampled at
239.75 Hz. q; is the L'th approximation band, and d; is the corresponding detail
subband. The numbers in the boxes are the frequencies represented in the present
box.

possible to downsample the signal by the same amount, and thus
leaving only half the data points.

The low- and high-pass filters used to calculate the approxima-
tions and details were found on basis of a mother wavelet. A
mother wavelet is a basis function used to calculate the filter char-
acteristics. By use of the fourth member of the Daubechies wavelet
family, we obtained filters presenting a maximally flat response in
their passbands as well as minimal leakage in their stopbands
(Shoeb et al., 2004).

The subband signals {do, ..., d;} are not suitable as input to a
classifier due to a high sensitivity to noise. Instead, to amplify
small differences, a nonlinear log operator was applied to the
summed absolute signal:

log (Ze[di(k)|)
F(epoch) = :
log (Z|di(k)I)

where k is running over the WT coefficients, d; is the lowest detail
band level included in the feature extraction, and d; is the highest.

Shoeb et al. (2004) reported that the 4th-7th decomposition le-
vel was optimal to extract features from scalp EEG recorded with a
sampling frequency of 256 Hz. They argued that these levels were
the time-scales corresponding to frequencies between 0.5 and
25 Hz where also Gotman et al. (1981), have shown the character-
istics of the seizure onset to be present. All lower decomposition
levels, containing the high frequency components, did not contain
any extra information when using sEEG. In Henriksen et al. (2010),
it was shown that using intracranial EEG (iEEG) the lower decom-
position levels could profitably be used. Thus, we have used i=1
and j=7.

2.4. Classification

2.4.1. Support vector machine

The support vector machine (SVM) belongs to the class of ma-
chine learning classifiers referring to algorithms capable of learn-
ing from data. These work in two steps; the learning (or training)
step; in which the algorithm determines an optimal decision func-
tion from a set of input variables (training data), and the classifica-

tion step; where it classifies new input data according to the
previously learned decision function.

The SVM is a popular binary supervised learning classifier,
which possesses the important property that the determination
of the model parameters corresponds to a convex optimization
problem, so it will never converge to a local optimum. A general
linear model serves as the basis of the classifier. It is applied in
combination with a kernel method to formulate nonlinear exten-
sions of the linear algorithm, whenever nonlinear trends are pres-
ent in the data (Vapnik, 1995). This is accomplished through
mapping of the data to a high-dimensional kernel induced feature
space.

The decision boundary is generated by maximization of the dis-
tance between chosen support vectors from the two classes in the
training data. The support vectors are extracted from the training
data by choosing those points which are most similar to the points
in the opposite class. We use the SMV/#" package specified in (Joa-
chims, 1999). The kernel was chosen to be a nonlinear radial-basis
kernel with a y of 0.5 and a cost-factor J varied between 0.05 and
0.5. This cost-factor explains how the errors from the ictal epochs
in the training data outweigh the errors from the non-ictal epochs.
It is given as a relative measure so that a value of | between 0 and 1
means that the wrongly classified epochs from the non-ictal train-
ing set pull more in the decision boundary than the wrongly clas-
sified epochs from the ictal training set. The opposite is seen if J is
larger than 1.

2.4.2. Temporal constraints

To avoid false detections due to short-time interictal discharges
or other transient artifacts, a temporal constrain, T, requires at least
four consecutive 2-s iEEG epochs to be declared as belonging to the
seizure class by the SVM classifier (Henriksen et al., 2010). The
choice of T is a trade-off between avoiding a great number of false
detections between actual seizures, and maintaining the potential
of short detection latencies, as well as allowing detection of short
duration seizures. Using 50% overlap between epochs, the shortest
duration of a detectable seizure is 5.

2.5. Refractory period

When the temporal constraint is fulfilled and a seizure thereby
detected, a refractory time variable is initiated making it impossi-
ble to detect a new seizure (Aarabi et al., 2009; Gardner et al.,
2006; Qu and Gotman, 1993). The reasoning for this process is that
seizure registrations detected in close relation should be counted
as only one. Thus, in the refractory period new seizures cannot
be classified. False detections occurring close to each other will
also be counted as only one false positive. When using a refractory
period, we introduce some limitations. One disadvantage is the
registration of multiple seizures closely following each other. They
will be counted as only one seizure. While known that seizures of-
ten occur in “trains”, we seldom see them within just 1 min of one
another. By selecting a refractory period of only 30 s, as in Aarabi et
al. (2009), the fusion of seizures should be avoided. Another limi-
tation of the refractory period is that a false detection shortly be-
fore onset can make the detector miss the true onset. In our
study we found that these limitations were outweighed by the
advantages.

3. Results

It was our primary goals to evaluate the influence of different
methods for choosing channels for automatic seizure detection,
and investigate how the number of channels affected the perfor-
mance. To make those assessments we computed pseudo-ROC
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Fig. 4. Performance as a function of the used number of channels in the var selection method.

curves as seen in Figs. 3 and 4. They are based on sensitivity, de-
fined as true seizure detections of all test seizures, in the ordinate
axis and false detection rate, defined as false seizure detections per
hour, on the abscissa. In our case, the ROC curves appear by chang-
ing the cost-factor J in the SVM classifier.

Fig. 3 shows the results of the different methods to choose the
three optimal channels for automatic seizure detection. From (A)
it is clear that if the channels are chosen randomly, it is not possi-
ble to make a satisfactory classification. If channels are instead
chosen more intelligently, we are able to obtain a much better per-
formance. (B) shows a magnification of the top left corner of the
ROC curve. It is shown that the methods ‘var’ and ‘dvar’ perform
similarly to the method ‘doctor’ where a neurophysiologist has
chosen the channels. If the focal channels are used instead, it is
clear that sensitivity is lower for the same FDR. Table 2 compares
the results for each method.

To test whether the difference between the ROC curves were
statistically significant, paired t-tests were conducted on read-off
sensitivities at fixed FDRs {0.1, 0.15, 0.2, 0.25, 0.3} for the different
channel selection methods. These FDR values were chosen since
they represent the clinically interesting part of the ROC curves.
The t-tests showed that the methods ‘var’, ‘dvar’ and ‘doctors choice’
were all statistically significant better (p-value <0.01) than the
other methods. A significant difference could not be shown be-
tween these three best methods.

Naturally, the described differences in performance occur due
to different channel selections. The channels selected for different
cases were therefore analyzed. Table 3 states the selected channels
when N = 3. If we look at the selected channels for patient 1, it can
be seen that all the methods use channel number 18, while doctor’s
choice and var selection also have channel 34 in common. This
means that the focal channels and doctor’s choice have a uniformity
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Table 2

Comparison of best performance for the different methods of selecting the three optimal channels for automatic seizure detection. Results are obtained after simulation of 30

different training models and given as mean * standard deviation.

Method Focal channels doctor var dvar ent non-foc Randomly

Sensitivity (%) 924 +8.8 95.7+9.0 954+11.2 95.3+149 91.7+16.6 62257 61.8+24.1

FDR (/h) 0.16 £ 0.005 0.18 £ 0.006 0.15 +0.005 0.18 £0.051 0.12 £0.003 0.139 £ 0.006 0.35+2.48
Table 3 Based on the ROC curve in Fig. 3, the var method showed to be

The selected channels for each patient dependent on selection method.

Patient Focal channels doctor’s choice var selection
1 [1817 19] [18 34 35] [18343]
2 [1217] [1217] [415]
3 [91011] [9118] [94127]
4 [517 34] [18 34 33] [3025 3]
5 [17181] [1173] [1172]
6 [132] [10111] [111012]
7 [612627] [101157] [18 61 10]
8 [17189] [26 33 34] [33126]
9 [17 18 19] [18 19 26] [26 63 41]
10 [17 18 33] [331757] [573317]
Uniformity == Uniformity

0.8

1.5

1.3

0,8
focal var
channels selection
3 1.5
doctor's
selection

Fig. 5. The uniformity between the selected channels dependent on the selection
method. The above uniformity measure is based on selection of the optimal three
channels. It is a measure of how many channels the different selection methods
have in common in mean.

of one, while doctor’s choice and var selection have a uniformity of
two for this patient. As seen on Fig. 5, the focal channels and the
var selection method had a mean of only 0.8 channels in common
per patient. The focal channels versus doctor’s choice for automatic
seizure detection algorithm had a uniformity of 1.3, while the var
selection method and doctor’s choice had the highest uniformity
of 1.5. This means that the latter comparison showed to have half
of the channels in common.

at least as good at selecting optimal channels as a neurophysiolo-
gist. It was therefore investigated how many channels were opti-
mal for best automatic seizure detection. Figs. 4 and 6 show the
FDR and sensitivity as a function of the number of channels. To
ease the interpretation, the FDR is fixed at 0.1/h to be able to com-
pare the sensitivities in Fig. 6B. As seen, it does not render any sig-
nificant change in performance using from 2 to 6 channels. Using
only one or more than six channels results in a lower sensitivity.

Fig. 4 shows that with a FDR selection higher than 0.1/h, two or
three channels render the highest sensitivities, while selection of
five or more channels seems to have reached the highest sensitivity
at an FDR of approximately 0.12/h.

Since the performance was the same when using 2-6 channels,
we might as well choose the lower number for faster computation
and less power consumption. It was chosen though to continue the
investigation with the use of three channels, since this often covers
the area of the epileptogenic focus. With this setting, the perfor-
mance for the individual patient can be investigated. Fig. 7 shows
this relationship. Patient 1 has the lowest sensitivity, since one sei-
zure is never detected independent of method for channel selec-
tion. When inspecting data, it was found that this seizure is from
a different focus than those seen among the training seizures.
The chosen channels are therefore never affected by that seizure.
This is also the reason that the ROC curves seen in Fig. 3 never
reach sensitivities higher than 96% within the given FDR limits.

4. Discussion

We have shown that with a simple selection method for finding
the optimal channels for automatic seizure detection, a sensitivity
of 96% and an FDR of 0.14/h can be obtained. This is comparable to
a similar study by Shih et al. (2009), who reported a sensitivity of
97% and an FDR of 0.19/h. Which result is better depends on how
you weigh sensitivity against FDR. A high sensitivity is important
to detect as many seizures as possible, but a low FDR is also central
when it is to be used by clinicians.
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Fig. 6. (A) ROC curves for different number of channels. In (B) FDR is fixed to 0.10/h. The highest sensitivity is obtained using 3-6 channels as input.



J. Duun-Henriksen et al. /Clinical Neurophysiology 123 (2012) 84-92 91

T T
/| I Not detected

B - -
7 T Truly detected Left: Doctor .
6 Right: ‘var' 4

g st i

R4t _

]

» 3L i
2 L -
ne |
0 AR [Af A .

1 2 3 4 6 7 8 9 10
04 T T T T T T T
g Left: Doctor
% 03 Right: 'var' N
§
= 0.2 4
©
@
K
@ 010 .
0
©
[
0

6 7 8 9 10

Patient #

Fig. 7. Patient individual performance using the three channels selected by the neurophysiologist compared to the var method.

While Shih et al. used a more advanced selection method to se-
lect 4.6 channels in average we found a very simple method to ex-
tract only 2-3 channels. It should be noted though, that they use
scalp EEG rather than intracranial EEG as in our case. By using
intracranial EEG we have the advantage of a wider power spec-
trum. With a sampling frequency of 240 Hz we are able to look
at frequencies up to 120 Hz according to the Nyquist criterion,
although an anti-aliasing low pass filter was applied with a cut-
off at 70 Hz. Still, Fisher et al. (1992), found an increase in power
for frequencies above 35 Hz when an electrodecremental pattern
was seen at seizure start.

4.1. The use of three channels

Regarding channel selection we argued that the neurophysiolo-
gist should select three channels since this is often the number
covering the epileptic focus. Based on the optimal channel selec-
tion method ‘var’, the best performance was achieved using 2-6
channels. This is not surprising considering that some partial sei-
zures never spread to more than six channels. Selecting more
means that channels without seizure EEG manifestations will be
used in the automatic seizure detection algorithm. This corre-
sponds to pure noise for the algorithm. Furthermore, in Fig. 4 it
is shown that by using only two or three channels, the highest sen-
sitivities could be obtained. Selection from three channels is thus
considered a reasonable choice. Analyzing Fig. 4 also showed us,
that the increasing rate of sensitivity as a function of the FDRs
was similar regardless of the number of channels used.

4.2. Performance better than focal channels

That a simple channel selection method as var was shown to be
better than the selection of channels recorded over the epileptic fo-
cus can seem odd. We believe though, that there is a logical expla-
nation. Neurophysiologists identify focal channels on the basis of
the earliest EEG changes. Though these channels contain the earli-
est changes it is not evident that they also have the most pro-
nounced effect of the seizure later in the course. The var method

selects the channels with the most pronounced effect of the seizure
independent of early EEG changes. The drawback is long detection
latency. However, the scope of this study was a high sensitivity and
a low FDR, the detection latency was secondary. The reason for
choosing this approach was based on the premise that the auto-
matic seizure detection is used as a tool for the neurophysiologist
to be guided towards the interesting parts of data. He or she should
then recognize the true onset and diagnose based on this. The
mean detection latency was 25.5, 17.8 and 20.9 s for the focal chan-
nels, doctor’s choice, and var method, respectively. This is somewhat
higher than what is reachable if the goal is early onset detection.

4.3. Performance similar to ‘doctor’s choice’

When a neurophysiologist was asked to select the optimal
channels for an automatic seizure detection algorithm, we saw that
the performance was similar to that of the var selection method.
Though the ROC-curves of Fig. 3 differ a little, the difference was
within normal variation. Furthermore, from Fig. 7 we obtain that
the patient individual performance is similar for the doctor’s choice
and var method.

We also saw that the uniformity in channel selection was high-
est at a degree of 1.5 between doctor’s selection and var selection. If
the neurophysiologist’s choice is defined as the golden standard,
this will to some extent confirm that the channels chosen by the
var method are reasonable.

With a simple automatic channel selection the goal of fully
automatic seizure detection is closer. With the var selection meth-
od implemented in detection software, it is no longer necessary for
the neurophysiologist to do the tedious and time consuming task
of visually inspecting multiple channels of EEG data to select a
proper number of EEG channels.

A sensitivity lower than 100% keeps many professionals from
using automatic seizure detection software. They argue that espe-
cially the missed seizures are interesting because they often origi-
nate from a different focus and will have an influence on the
diagnosis due to the potential of multiple foci. Still, a lot of time
is spent in the epilepsy monitoring unit looking for alike seizures



92 J. Duun-Henriksen et al./Clinical Neurophysiology 123 (2012) 84-92

to establish how affected the patient is. Until 100% sensitivity can
be obtained, an automatic seizure detector will therefore be best fit
for giving a fair guess at how many seizures a patient has. After
analyzing which seizures the automatic seizure detector missed,
it seems possible to obtain 100% sensitivity as long as all seizures
are generalized or secondary generalized and thus evident on all
channels. Twenty-four of the analyzed seizures were of this type.

Our channel selection approach can be improved by continuous
evaluation of the selected channels. This would enable the program
to change its focus by reselecting the channels with the highest
variance. The program is not only based on the temporal evolution
then, but also the spatial much as the method by Klatchko et al.
(1998). An analysis of the missed seizures showed that continuous
reselection of the channels would rectify all of the false negatives,
but also increase the FDR. We do believe though, that tests on a lar-
ger database with more multi-focal partial seizures are necessary
before we can report on total success with this approach.

The findings in the current study clearly showed that channels
for automatic seizure detection should not be chosen from the fo-
cus, but rather based on the channels with the highest variance
during seizures or by a neurophysiologist. Since the latter is time
consuming and somewhat defeats the object of an automatic sei-
zure detector as it requires the neurophysiologist to spend time
on reading the data and getting an overall impression, our sugges-
tion for a channel selection method provides a more automated
method for seizure detection.
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Automatic detections of paroxysms in patients with childhood absence epilepsy have been neglected for
several years. We acquire reliable detections using only a single-channel brainwave monitor, allowing for
unobtrusive monitoring of antiepileptic drug effects. Ultimately we seek to obtain optimal long-term

prognoses, balancing antiepileptic effects and side effects. The electroencephalographic appearance of
paroxysms in childhood absence epilepsy is fairly homogeneous, making it feasible to develop patient-
independent automatic detection. We implemented a state-of-the-art algorithm to investigate the
performance of paroxysm detection. Using only a single scalp electroencephalogram channel from 20
patients with a total of 125 paroxysms >2 seconds, 97.2% of paroxysms could be detected with no false
detections. This result leads us to recommend further investigations of tiny, one-channel electroen-
cephalogram systems in an ambulatory setting.

© 2012 Elsevier Inc. All rights reserved.

Introduction

Childhood absence epilepsy is a common idiopathic generalized
epilepsy syndrome [1]. It is manifested in the electroencephalo-
gram as paroxysms of high-amplitude, bilateral synchronous,
symmetric, approximately 3 Hz spike-wave patterns on an other-
wise normal background. A very close correlation generally exists
between paroxysms of more than 2 seconds in duration and the
clinical appearance of absences characterized by interruptions of
intentional behavior, impaired consciousness, and for some, a blank
stare accompanied by lip smacking, upward gaze, or eye blinking.
Childhood absence epilepsy presents in children between ages 4
and 10 years, peaking at ages 6-7 years. A strong genetic pre-
disposition is evident, with occurrence more often in girls than in
boys. The very frequent absences (several to hundreds a day) exert
anegative impact on an otherwise normal child. Untreated children
often exhibit learning and attention difficulties because of their
alterations of consciousness [2].

* Communications should be addressed to: Dr. Kjaer; Department of Clinica