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Streszczenie

Napady nieswiadomosci sg to spontaniczne, krétkie (trwajace od kilku do
kilkunastu sekund), uogélnione napady epileptyczne. Ich charakterystyczng
manifestacja jest utrata §wiadomosci oraz obecnos¢ w zapisie EEG kompleksow
iglica-fala wolna (SWD, z ang. spike and wave discharges). Takie wytadowania
w przypadku napadoéw nieswiadomosci sg regularne (okoto 3 Hz), symetryczne i ich
obecnos¢ jest waznym Kkryterium diagnostycznym. Wedhlug oficjalnej definicji
Migdzynarodowej Ligi Przeciwko Epilepsji napady nieswiadomosci mozna podzieli¢
na dziecigce napady nieswiadomosci (CAE z ang. childhood absence epilepsy),
miodziencze napady nieswiadomosci (JAE z ang. juvenile absence epilepsy), oraz
rzadsze mlodziencze miokloniczne napady nieswiadomosci (JME z ang. juvenile
myoclonic epilepsy) i uogélnione toniczno-miokloniczne napady nieswiadomosci
(GTCA z ang. generalized tonic clonic seizure). W przypadku nieleczonych
pacjentow moga one zosta¢ wywolane przez hiperwentylacj¢, deprywacj¢ snu czy

gry wideo.

W niniejszej pracy przedstawiono problemy zwigzane z diagnoza napadow
nieSwiadomosci i ich automatyczng detekcja w zapisach elektroencefalograficznych
(EEG). Przedyskutowano mozliwos$ci monitorowania postepéw farmakoterapii oraz
ilosciowej charakteryzacji morfologii napadow nieswiadomosci. Wyniki badan

zostaly szczegotowo omowione w trzech opublikowanych artykutach.

Pierwsza praca Changes in Interictal Pretreatment and Posttreatment EEG in
Childhood Absence Epilepsy [1] poswigcona zostata zmianom w mi¢dzynapadowych
fragmentach zapisow EEG u pacjentow z napadami nieswiadomosci. Do badan
wykorzystano transformate falkowa z funkcja bazowa Morleta. W pracy wykazano
znaczgce roéznice mocy falkowej pacjentow w pasmie beta oraz theta w poréwnaniu
do grupy kontrolnej. Ponadto sformutowano hipoteze gloszaca, ze podniesiona moc
falkowa w pasmie theta i beta jest odpowiednio wynikiem ponadnormatywnej
aktywno$ci mozgu i sktonnosci do generowania iglic padaczkowych. Wyniki te sa
zgodne z teorig nadpobudliwosci kory mozgowej thumaczacg patofizjologie napadow

nieswiadomosci. Analiza sygnatow EEG pacjentow po leczeniu wykazata istotny
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spadek warto$ci mocy falkowych, zwlaszcza w niskich czestotliwo$ciach. Jest to
pierwszy krok w opracowaniu metody monitorowania postepow farmakoterapii

Z mozliwos$cig indywidualnego miareczkowania lekow.

Druga publikacja Absence Seizure Detection Algorithm for Portable EEG
Devices [2] przedstawia mozliwosci automatycznej detekcji  napadoéw
nies§wiadomo$ci przy uzyciu mobilnego urzadzenia EEG. Wykrywanie oparto
0 wilasciwosci cigglej transformaty falkowej w pasmie delta oraz beta. Wykorzystujac
zaledwie cztery odprowadzenia, uzyskano skuteczno$¢ na poziomie 97,6%
z zaledwie 0,7 falszywymi detekcjami na godzing. Pojawienie si¢ niedrogich,
przenosnych urzadzen EEG utorowalo droge do dlugoterminowego, zdalnego
monitorowania pacjentow z CAE i JAE. Potencjalne korzysci z tego rodzaju
monitorowania to utatwienie diagnozy, spersonalizowane miareczkowanie lekow

oraz okreslenie czasu trwania farmakoterapii.

Ostatnia praca EEG phase synchronization during absence seizures opisuje
zmiany synchronizacji EEG podczas napadéow nieswiadomosci. Do analizy
wykorzystano jednosekundowe okna z poétsekundowym krokiem. Wspotczynnik
synchronizacji obliczany byt za pomoca ciagtej transformaty falkowej z funkcja
bazowa Morleta. Dla 19 kanalowego EEG, klasyfikator k-NN (z ang. k-nearest
neighbors), ktory wykorzystywat wspotczynnik synchronizacji i znormalizowang
amplitude EEG jako cechy wykryt 99,2% napadéw nie§wiadomosci. Pokrycie
segmentow sklasyfikowanych jako napadowe z zarejestrowanymi napadami
wyniosto jedynie 82,9%. Niepelne pokrycie wynika z trywialnego efektu skonczonej
rozdzielczo$ci segmentacji EEG, ale przede wszystkim, z fragmentacji napadow
nieswiadomos$ci. To drugie zjawisko zostalo po raz pierwszy ilosciowo opisane

I moze postuzy¢ do lepszego rozroznienia CAE i JAE.



Abstract

Typical absence seizures are spontaneous, short (lasting several seconds), and
generalized epileptic seizures. Their characteristic manifestations are the loss of
consciousness and the presence of spike and wave discharges (SWD) complexes in
the EEG record. These are regular (about 3 Hz), and symmetrical discharges which
are the main diagnostic criterion. According to the official definition of the
International League Against Epilepsy, absence seizures can be divided into
childhood absence epilepsy (CAE), juvenile absence seizures (JAE), the less
common juvenile myoclonic absence seizures (JME), and generalized tonic-
myoclonic absence seizures (GTCA). In untreated patients, they can be provoked by

hyperventilation, sleep deprivation or video games.

This doctoral thesis summarizes the results presented in three scientific papers
[1-3] published in the international journals. In particular, | discuss the problems in
diagnosis of absence seizures, their automatic detection in electroencephalographic
recordings, assessment of the efficacy of pharmacotherapy, and quantitative

characterization of the morphology of seizures.

In the first paper Changes in Interictal Pretreatment and Posttreatment EEG
in Childhood Absence Epilepsy [1] | employed the Morlet wavelet transform to show
significant differences in the power of the beta and theta bands in the patients and
control group. In addition, a hypothesis was formulated that the increased power in
these bands observed in the patients results from abnormal brain activity and the
propensity to generate epileptic spikes, respectively. These results are consistent with
the theory of cortical focus theory explaining the pathophysiology of absence
seizures. The increased wavelet power in the above-mentioned bands could be treated
as a biomarker of absence seizure epilepsy. The analysis of follow-up EEG records
showed a significant decrease in wavelet powers, especially in low frequencies. This
is the first step in developing amethod for monitoring the progress of

pharmacotherapy with the possibility of personalized drug titration.

The second publication Absence Seizure Detection Algorithm for Portable

EEG Devices [2] explores the possibilities of automatic detection of absence seizures
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using a mobile EEG device. The detection was based on the properties of the
continuous wavelet transform in the delta and beta bands. Using only four electrodes,
97.6% of ictal EEG was correctly identified with the false detection rate equal to 0.7
per hour. The appearance of low-cost, portable EEG devices has paved the way for
long-term, remote monitoring of CAE and JAE patients. Potential benefits of this type
of monitoring include facilitating diagnosis, personalized drug titration, and

determining the duration of pharmacotherapy.

The last paper in the series, EEG phase synchronization during absence
seizures [3], describes changes in EEG synchronization index during absence
seizures. A one-second windows with a half-second overlap were used to calculate
the Morlet wavelet phase synchronization index. For the 19-channel EEG, the k-NN
classifier which employed the synchronization index and the normalized EEG
amplitude as the features detected 99.2% of the seizures. Interestingly enough, the
overlap of the segments classified as ictal with the actual seizures was equal to only
82.9%. The incomplete overlap is due to the trivial effect of finite resolution of EEG
segmentation and, most importantly, fragmentation of absence seizures. This
phenomenon has been quantitatively described for the first time and could be used to
distinguish CAE and JAE.



Wstep

Epilepsja jest najczesciej wystepujaca chorobg mozgu dotykajaca ponad 46
miliondéw ludzi na $wiecie (Beghi et al., 2019). Szacuje si¢, ze w samej Europie cierpi
na nig 5% dzieci (Pediaditis et al., 2012). Okoto 40% pacjentow nie moze byc
leczonych farmakologicznie lub operacyjnie, co przy duzym odsetku biednie
zdiagnozowanych przypadkéw stanowi wyzwanie zaréwno dla lekarzy, jak
I inzynieré6w biomedycznych (Beghi et al., 2019). Dziecigce napady nieswiadomosci
CAE wystepuja u 9,6/100 000 dzieci ponizej pictnastego roku zycia. Badania
przebiegu farmakoterapii napadow nie$wiadomosci (Glauser et al., 2013) wykazaty,
ze U zaledwie 37% pacjentow efekt farmakoterapii po pierwszym roku leczenia
mozna uzna¢ za zadawalajacy. Kliniczne monitorowanie napadow padaczkowych
wykorzystuje si¢ do diagnozy, optymalizacji terapii oraz opracowywania nowych
lekéw. Do niedawna dtugoterminowe monitorowanie napadow opierato si¢ gtownie
na wynikach zglaszanych przez pacjentow lub opiekunéw w polaczeniu
z okazjonalnym, krétkim badaniem EEG. Nalezy podkresli¢, ze zaledwie mata czes$é
napadéw nieswiadomosci (w przyblizeniu 6%) jest zauwazana przez rodzicow badz
opickunow (Keilson et al., 1987; Akman et al., 2009). Obecnie proces diagnozy
oparty jest na retrospektywnej analizie wideo EEG przez wykwalifikowanych

neurologow.



5. Cel oraz zakres pracy

Rozprawa doktorska podsumowuje wyniki cyklu trzech publikacji
poswigconych ilo$ciowej analizie EEG pacjentéw z napadami nie§wiadomosci.

Gtownymi problemami badawczymi sa:

1) Problem prawidtowej diagnozy pacjentéw z dziecigcymi i mtodzienczymi
napadami nie§wiadomosci.

2) Opracowanie algorytmu automatycznej detekcji napadow
nieswiadomosci, ktoéry pozwoli na dlugookresowe monitorowanie stanu
pacjentow.

3) Opracowanie metody pozwalajacej na spersonalizowang kontrolg procesu

farmakoterapii.

Prawidtowa diagnostyka réznicowa CAE i JAE jest niezwykle wazna.
W okresie dojrzewania okoto 60% pacjentéw z CAE przechodzi w remisje (Morse et
al., 2019). U pacjentow z JAE dozywotnia terapia jest regutg (Vorderwiilbecke et al.,
2017). W zwiazku z krotkim czasem trwania napadu (zazwyczaj od 2 do 10 sekund)
i trudnos$cia z jego wykryciem, moga mina¢ miesigce, a nawet lata, zanim zostanie
wprowadzone leczenie farmakologiczne (Siren et al., 2002). Badania wykazaty, ze
dzieci z napadami nieSwiadomosci maja specyficzne trudnosci ze skupieniem uwagi
(Fedio and Mirsky, 1969), pamigcig wzrokowa (Jambaqué et al., 1993; Pavone et al.,
2001) oraz zaburzeniami motoryki (Henkin et al., 2005). Prawidlowa farmakoterapia,
w  wyniku ktorej powstrzymano napady nieSwiadomosci, moze wspomoOc
neurokognitywny rozwoj dziecka (Sirén et al., 2007). Badania przebiegu leczenia
napadéow nieswiadomosci (Glauser et al., 2013) wykazaly, ze zaledwie 37%
pacjentdw pozytywnie reaguje na poczatkowg farmakoterapig. Proces ten jest wcigz
oparty na doswiadczeniu neurologa 1 probach odstawienia leku po pewnym okresie
braku napadéw. Nie znaleziono klinicznego czynnika, ktory bylby przydatny
w doktadnym przewidywaniu oporno$ci na leki przy diagnozie (Walker et al., 2015).
Precyzyjna terapia oparta na patogenezie 1 mechanizmach dziatania lekoéw
przeciwpadaczkowego zwykle nie jest mozliwa, poniewaz te mechanizmy nie sg

w pelni poznane (Orsini et al., 2018). Potrzeba implementacji automatycznego
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I niezawodnego algorytmu wykrywania napadéw nie§wiadomosci zostala juz opisana
w przesztosci (Faust et al., 2015). Taki algorytm wraz z mobilnym urzadzeniem EEG
ma tworzy¢ system dlugookresowego monitorowania stanu pacjenta, co ma wspomoc
nie tylko diagnoze, ale rowniez przyspieszy¢ proces farmakoterapii pomagajac
W spersonalizowanym miareczkowaniu lekéw i okre§leniu momentu, w Ktérym

mozna podjac probe odstawienia lekow.

Prezentowane wyniki dotyczace detekcji napadow nieswiadomosci oparte sg
na jednym z najwigkszych zbiorow zapisow EEG (36 pacjentow z CAE i 29 z JAE)
pozyskanych  ztrzech niezaleznych osrodkéw: Dolnoslaskiego  Szpitala
Specjalistycznego im. T. Marciniaka we Wroctawiu, Uniwersyteckiego Szpitala
Dziecigcego w Krakowie oraz Kliniki Neurologii i Epileptologii ,,Pomnik Centrum

Zdrowia Dziecka”.

W niniejszej pracy doktorskiej postawiono hipoteze, ze na podstawie zmian
migdzynapadowej mocy falkowej w roznych pasmach oraz zmian jej synchronizacji
mozliwe jest opracowanie nowej metody diagnostyki pacjentdéw z napadami
nie§wiadomosci, jak rowniez monitorowania postepu farmakoterapii. Opracowany
algorytm detekcji napadow nie§wiadomosci ma na celu wsparcie wyzej
wymienionych proceséw. JakoSciowy opis fragmentacji napadow nie§wiadomosci
jest pierwszym krokiem do zbadania mozliwosci skutecznego réznicowania

pacjentow z CAE 1 JAE.

Napady nieSwiadomosci

Napady nieswiadomosci, rowniez znane jako napady petit mal sa
szczegdlnym typem epilepsji. Ich kliniczng manifestacja jest krotka i niespodziewana
utrata Swiadomosci. Takie zdarzenia nie sg bezposrednim zagrozeniem zycia
pacjenta, ale w pewnych okoliczno$ciach, jak przechodzenie przez jezdnig, ptywanie
czy praca na wysokosci moga doprowadzi¢ do tragicznego w skutkach wypadku.
W zapisie encefalograficznym charakteryzuja si¢ uogoélnionymi, rytmicznymi
I zsynchronizowanymi wytadowaniami z zespotem iglicy i fali wolnej (SWD)
0 czestotliwosci wynoszacej okoto 3 Hz. Nieleczona choroba prowadzi do zaburzen
w neurokognitywnym rozwoju dzieci (Sirén et al., 2007).
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Migdzynarodowa Liga Przeciwko Epilepsji (ILAE) w 2017 roku opisata
genetyczne uogodlnione epilepsje (GGE z ang. generalized genetic epilepsy), w sktad
ktorych wchodza idiopatyczne uogélnione epilepsje (IGEs z ang. idiopathic
generalized epilepsies) (Hirsch et al., 2022). Te z kolei zostaly podzielone na
4 syndromy: dzieciece napady nie§wiadomosci (CAE), mlodziencze napady
nieswiadomosci (JAE), mtodziencze, miokloniczne napady nieswiadomosci (JME)
oraz uogoélnione, toniczno-kloniczne napady nieswiadomosci (GTCA). Rozpoznanie
idiopatycznych uogolnionych epilepsji jako specjalnego podtypu genetycznych jest
pomocne, poniewaz niesie ze sobg konsekwencje w postaci prognozy i przebiegu

farmakoterapii.

Badania populacyjne dzieci i dorostych wykazaty, ze odpowiednio 23% i 43%
pacjentdow ma uog6lniong padaczke (Camfield and Camfield, 2015), z czego 53%-
58% cierpi na jeden z czterech syndromow IGE (Wirrell et al., 2011). Typ napadoéw
nieswiadomos$ci jest zwigzany z wiekiem pacjenta, jednakze nie moze stanowié
samodzielnego kryterium diagnostycznego. CAE wystegpuje u pacjentow w wieku 2-
13 lat, JAE w wieku 8-20 lat natomiast JME oraz GTCA w wieku 5-40 lat (Hirsch et
al., 2022).

Powszechnie uwazano, ze uogdlnione wytadowania iglica-fala wolna maja
nagly poczatek z normalnego zapisu EEG. Jednakze ostatnie badania wykazuja
obecnos¢ lokalnych 1 szybko rozprzestrzeniajacych si¢ wyladowan padaczkowych,
ktore prowokuja wiasciwy napad (Zenteno, 2007). W niektorych przypadkach
wizualna inspekcja moze ujawni¢ zmiany w czestotliwosci 1 amplitudzie sygnalu na
kilka sekund przed napadem (Inouye et al., 1990). W celu odkrycia mechanizméw
neuronalnych, przyczyniajacych si¢ do generowania napadéw konieczna wydaje si¢

bardziej zaawansowana analiza.

Synchronizacja lub sprzezenie sieci neuronowych w moézgu jest tematem,
ktory wzbudza duze zainteresowanie (Le Van Quyen et al., 1998; Martinerie et al.,
1998; Lopes da Silva et al., 2003b; Aarabi et al., 2008). Ataki padaczkowe sa uwazane
za nadmiernie zsynchronizowang aktywnos¢ neuronow w mézgu (Fisher et al., 2005).

Jednym z ostatnich probleméw badawczych jest odpowiedz na pytanie, czy ta
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nadmierna synchronizacja prowadzi do napadu, czy jest jego wynikiem? (Majumdar
et al., 2014). Badania prowadza do roznych koncepcji, niektorzy badacze
zaobserwowali zmniejszong synchronizacj¢ przed wystgpieniem ataku (Chavez et al.,
2003; Mormann et al., 2003; Wang et al., 2011; Zheng et al., 2014). Gtéwnym celem
znalezienia biomarkera napadu jest jego przewidywanie i zapobieganie (Lopes da
Silva et al., 2003a; Mormann et al., 2007).

Pojawienie si¢ komercyjnych, przenosnych urzadzen EEG zapoczatkowato
prace nad zbadaniem mozliwosci dlugoterminowego zdalnego monitorowania
pacjentow z napadami nieSwiadomosci (Krigolson et al., 2017). Potencjalnymi
korzy$ciami wynikajacymi z tego rodzaju monitorowania pacjentéw sg utatwienie
diagnozy, spersonalizowane miareczkowanie lekéw oraz bardziej precyzyjne
okresSlenic czasu trwania farmakoterapii. Algorytm detekcji napadow
nieswiadomo$ci powinien wykorzystywa¢ niewielka liczbe elektrod, by¢
zoptymalizowany pod katem kosztu obliczeniowego oraz wykazywac¢ odporno$¢ na

artefakty ruchowe.

Analiza skutecznosci farmakoterapii napadow nieswiadomosci (Glauser et al.,
2013) wykazata, ze zaledwie 37% pacjentow pozytywnie reaguje na leczenie.
Najczesciej lekarze wykorzystuja trzy leki — kwas walproinowy, etosuksymid oraz
lamotryging. Wybdr zalezy od tego czy, czy wystepuja inne rodzaje napadow
uogolnionych oraz od reakcji niepozadanych. Do najczestszych efektow ubocznych
mozna zaliczy¢ zmeczenie, senno$¢, nudnosci, zawroty glowy, zaburzenia
rownowagi, bole glowy, zmiany nastroju czy wymioty. Farmakologiczna kontrola
napadow nieswiadomosci przy zadawalajacym poziomie efektéow ubocznych jest
osiggana dla okoto polowy dzieci z CAE (Glauser et al., 2013). Monoterapia
dowolnym z wymienionych lekéw nie powinna by¢ porzucana do czasu, zanim nie
osiagnie si¢ maksymalnej tolerowanej dawki (Panayiotopoulos, 2005). Kombinacja
wyzej wymienionych lekow moze by¢ stosowana w przypadku cigzszych
przypadkow. Remisja u wigkszosci dzieci z napadami nieswiadomos$ci wystepuje po
kilku latach farmakoterapii. W przypadku nawrotu choroby proces farmakoterapii

zostaje wznawiany i moze trwac przez cate zycie (Guerrini, 2006).
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6.1 Dzieciece napady nieSwiadomosci (CAE)

Dziecigce napady nie§wiadomos$ci odpowiadaja za 18% przypadkéw
dzieciecych epilepsji (Cavazzuti, 1980). Sredni czas trwania napadu wynosi
10 simoze pojawi¢ sie od kilku do nawet kilkudziesieciu razy podczas dnia
(Schomer and Lopes da Silva, 2018). Co warto podkresli¢, wickszo$¢ neurologdéw
zalicza wszystkie przypadki napadow nie§wiadomos$ci wystepujacych przed
dziesigtym rokiem zycia jako CAE (Bouma et al., 1996). Pacjenci zazwyczaj dobrze
reaguja na leczenie (Covanis, 2010). W okresie dojrzewania, okoto 60% dzieci
przechodzi w remisje (Morse et al., 2019). W pozostatych przypadkach syndrom
rozwija si¢ do innych zespoldw padaczkowych. Nie wiadomo, jaka jest zalezno$¢
miedzy EEG przed leczeniem oraz w trakcie farmakoterapii (Dlugos et al., 2013).

Szczegodlne cechy zapisu EEG mogtyby pomdc w probie zroznicowania CAE 1 JAE.

Migdzynapadowy zapis elektroencefalograficzny nie wykracza poza granice
normy (Lopes da Silva et al., 2003a). Moga si¢ pojawi¢ krotkie paroksyzmy
0 czestotliwosci od 2,5 do 4 Hz w postaci uogolnionych wytadowan iglica-fala
wolna. Podczas snu, takie wytadowania moga by¢ zdezorganizowane (Elmali et al.,

2020).

Zapis napadow charakteryzuje si¢ regularnymi wytadowaniami SWD. U 21%
pacjentow majg czestotliwosé 2,5Hz. Wyltadowania o czestotliwosci 4Hz wystepuja
u 43% pacjentow (Sadleir et al., 2006). Fragmentacje napadow zdefiniowane jako
krotkie zaklocenia rytmu ictalnego lub wyladowania o innej od typowej morfologii
wystepuja okoto 8-krotnie rzadziej niz u pacjentow z JAE (Sadleir et al., 2009).
Napady nieswiadomosci u nieleczonych dzieci moga by¢ efektywnie prowokowane

przez hiperwentylacj¢ (Rozenblat et al., 2020).

6.2 Mlodziencze napady nieswiadomosci (JAE)

JAE odpowiada za zaledwie 2,4%-3.1% nowo zdiagnozowanych epilepsji
u dzieci 1 mtodziezy (Wirrell et al., 2011). Charakteryzuje si¢ bardziej subtelnymi
napadami nie$wiadomosci, ktoére zazwyczaj wystepuja u nieleczonych pacjentéw

rzadziej niz raz dziennie. Jest to jeden z powodow, dla ktorych liczba chorych moze
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by¢ niedoszacowana (Jallon and Latour, 2005). Uogdlnione toniczno-kloniczne

napady sa widoczne u ponad 90% przypadkow.

Zazwyczaj JAE dotyka pacjentoéw w wieku od 9 do 13 lat (zakres od 8 do 20
lat). W niektorych przypadkach moze wystgpowac rowniez u dorostych (Marini et
al., 2003). Przewaznie pacjenci dobrze reaguja na leczenie, ale moze by¢ wymagana
dozywotnia terapia (Vorderwiilbecke et al., 2017). Cierpigcy na JAE, sg bardziej
narazeni na dodatkowe schorzenia takie jak ADHD, depresje, problemy w nauce czy
stany lekowe (Abarrategui et al., 2018; Gruenbaum et al., 2021). W przypadku
diagnozy pacjentow w wieku ponizej dziesigtego roku zycia odréznienie JAE od
CAE moze by¢ trudne. Pomimo podobienstw, u pacjentéw z JAE napady moga mie¢
nieznacznie wyzszg czestotliwos¢ wytadowan > 3 Hz (w zakresie od 3 do 5,5 Hz),

ktore dodatkowo sg w wigkszym stopniu nieregularne (Elmali et al., 2020).

6.3 Biomarkery EEG do identyfikowania epilepsji

Diagnoza napadoéw nieswiadomosci polega na ich prowokowaniu i rejestracji
zapisu EEG. Pacjenci sa poddawani hiperwentylacji i fotostymulacji, aby wywotaé
napad padaczkowy. W trudniejszych przypadkach stosuje si¢ rowniez deprywacje
snu. Jest to jednak kosztowny 1 czasochtonny proces, ktéry dodatkowo wptywa
negatywnie na komfort pacjentow, ktorymi sg gtownie dzieci. Co dziesigta osoba
mogla doswiadczy¢ w ciagu swojego zycia napadu padaczkowego jako objawu innej
choroby jak np. cigzkiej hiponatremii (Gallotto and Seeck, 2023). Z tego powodu,
trudno jest postawi¢ prawidtowa diagnoze po wystapieniu pierwszego napadu
(Krumholz, 2009). Bardziej przydatne diagnostycznie biomarkery powinny zatem

pochodzi¢ z nienapadowego EEG (Engel et al., 2018).

Ze wszystkich do tej pory zaproponowanych biomarkerow EEG,
miedzynapadowe wytadowania padaczkowe (IED z ang. interictal epileptic
discharges) zdefiniowane jako krotkie wytadowania obejmujace iglice, kompleksy
ostrej fali czy pojedyncze kompleksy iglica-fala wolna sg najbardziej znaczace
(Engel et al., 2018). Jednakze u pacjentdw z rozpoznang chorobg, ale z negatywnym,
rutynowym badaniem EEG zaktada si¢ obecnos¢ ukrytych IED (Gallotto and Seeck,

2023). Takie wyladowania nie mogg zosta¢ zidentyfikowane przez neurologdéw
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podczas opisu EEG. Powodem moga by¢ zbyt stabe wytadowania badZ niemoznosé
zarejestrowania wytadowan majacych swoje zrédto z glgboko potozonych obszaréw

mozgu przez standardowe aparat encefalograficzny.

W zapisach EEG pacjentow cierpigcych na epilepsje zaobserwowano kroétkie,
wysokoczestotliwosciowe oscylacje (HFOs z ang. high-frequency oscillations)
w zakresie 80 — 600Hz. Badania wykazaly, ze taka aktywno$¢ moze by¢ rozwazana
za biomarker (Jacobs et al., 2009) oraz miare intensywnosci epilepsji (Zijimans et al.,
2009). Dodatkowo mozna ja wykorzystywac¢ do lokalizowania obszaréw modzgu,
ktore generujg napady epileptyczne w celu resekcji (Engel and da Silva, 2012).
Mimo, Ze sg to jedne z najbardziej obiecujacych biomarkerow to nalezy w kolejnych
badaniach potwierdzi¢ ich wiarygodnos¢ (Engel et al., 2018). Gtownym
ograniczeniem  wykorzystania ~ wysokoczestotliwo$ciowych — oscylacji  jako
biomarkera epilepsji jest konieczno$¢ uzycia aparatu EEG mogacego rejestrowac

sygnal z wysoka czestotliwos$cia.

Niska rozdzielczos¢ przestrzenna EEG utrudnia lokalizacje obszaru kory mozgowe;,
ktory jest zaangazowany w generacje napadow ogniskowych. Zaproponowano jednak
nowe metody oparte na analizie potaczen funkcjonalnych, ktore probuja
przezwyciezy¢ ten problem (van Mierlo et al., 2019). Analiza sygnatu EEG w tym
kontekscie pozwala na lokalizowanie obszaréw, w ktorych rozpoczyna si¢ napad
padaczkowy (Wilke et al., 2011) oraz selekcje kandydatow do zabiegu
neurochirurgicznego (van Mierlo et al., 2019). Analiza potaczen w pasmie theta, beta
oraz alfa umozliwita klasyfikowa¢ zdrowych i cierpigcych na padaczke skroniowa na
podstawie miedzynapadowych fragmentéw zapisow EEG (Verhoeven et al., 2018).
Jednakze nie wiele wiadomo na temat tego, czy zmiany sg juz obecne na poczatku
choroby, czy wystepuja dopiero, gdy epilepsja jest rozwinigta (Gallotto and Seeck,
2023).

Kolejnym potencjalnym biomarkerem, ktory znalazl zastosowanie
w diagnozie napadéw nieswiadomosci jest mikrostan (Gallotto and Seeck, 2023).
Koncept mikrostanu wywodzi si¢ z zalozenia, ze aktywno$¢ moédzgu w stanie

spoczynkowym nie jest catkowicie losowa ani chaotyczna, ale moze by¢ opisana za
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pomoca skonczonej liczby map, ktdre zmieniajg si¢ w czasie, pozostajac przez krotki
czas (ok. 50-150 milisekund) stabilne. Chociaz znaleziono kilka konfiguracji
mikrostanéw, wiekszo$¢ badan wykazata, ze za pomoca podstawowych czterech
wzorcoOw mozna opisa¢ do 70% catego EEG (Khanna et al., 2015). Rozdzielczos¢
czasowa na poziomie milisekund pozwala na wykrywanie szybkich zmian w sieciach
moézgowych umozliwiajac badanie ich odchylen w réznych grupach pacjentéw
(Ahmadi et al., 2020). Dla chorych z napadami nie§wiadomosci przejscie z jednego
mikrostanu do kolejnego trwato znacznie dtuzej niz w grupie zdrowych co sugeruje,

Ze czas trwania okreslonego stanu moze by¢ biomarkerem choroby (Liu et al., 2018).

Detekcja i predykcja napadéw nieswiadomosci
Elektroencefalografia jest powszechnie stosowang technika pomiaru
patologicznej aktywnosci bioelektrycznej mozgu w celu diagnozowania napadow
padaczkowych (Yuan et al., 2019). Pomiary wykonywane sa W laboratoriach
i placowkach klinicznych przy uzyciu wysokiej jakosci, drogiego sprzgtu, ktory
jednoczesnie wymaga do obstugi wykwalifikowanego personelu (Sugden et al.,
2023). W ostatnich latach na rynku pojawito si¢ wiele przenosnych urzadzen EEG,
ktore sa mate, lekkie 1 zasilane na baterie, a koszt zakupu jest przynajmniej o rzad
wielko$ci mniejszy (Casson, 2019). Stwarza to nowe mozliwosci zdalnego

przeprowadzania wielogodzinnych badan EEG.

Obecnie Internet Rzeczy (loT z ang. Internet of Things) rozumiany jako
system potaczonych przedmiotéw mogacych rejestrowac, przetwarza¢ i wymieniac
dane odgrywa coraz wigksza role w opiece medycznej. Ta technologia pozwala na
ciagly monitoring stanu pacjentow w czasie rzeczywistym wykorzystujac urzadzenia
mobilne. W potaczeniu z przechowywaniem danych w chmurze i wykorzystaniu
sztucznej inteligencji 10T moze sta¢ si¢ poteznym narzedziem rozwigzujacym wiele
obecnych problemow shuzby zdrowia wpisujac si¢  w koncept medycyny
personalizowanej (precyzyjnej) (YIN et al., 2016).

W ostatnich latach opublikowano wiele prac poswieconych detekcji napadow
nieSwiadomos$ci w celu wsparcia automatycznego systemu diagnozy. W tym
kontekscie, implementacja takich algorytméw ma za zadanie odcigzy¢ lekarzy

17



W ucigzliwej pracy oraz wspomoc zar6wno proces diagnozy jak i farmakoterapii (van

Luijtelaar et al., 2016).

Juz przed rozpoczgciem napadu moga wystepowaé zmiany aktywnosci
centralnego uktadu nerwowego, co definiuje fazg przednapadowa zapisu EEG (Ein
Shoka et al., 2023). Przewidywanie nadchodzacego napadu polega na wykryciu
subtelnych zmian wspomnianej aktywnosci bioelektrycznej mozgu podczas przejscia
z migdzynapadowego fragmentu zapisu do fazy przednapadowej (Singh and
Malhotra, 2019). W rezultacie proces wczesnego rozpoznania napadow na etapie
przednapadowym podnosi komfort pacjentow (Abualsaud et al., 2018; Li et al.,
2019), a w szczegodlnych okoliczno$ciach moze uratowaé zycie umozliwiajac im
podjecie $rodkdéw ostroznosci. W potaczeniu z neurostymulacja pozwala to na
regulacje oraz modyfikacj¢ objawoéw epilepsji (Fisher and Velasco, 2014),
a W przysztosci moze doprowadzi¢ do aktywnego powstrzymywania napadow

(Diimpelmann, 2019).

Publikacja 1 — Changes in Interictal Pretreatment and
Posttreatment EEG in Childhood Absence Epilepsy

Pierwsza publikacja opisuje zmiany mocy falkowej w interictalnych
fragmentach EEG u dzieci z napadami nie$wiadomos$ci. Poréwnujac do grupy
kontrolnej, zaobserwowano zwigkszong moc falkowg w pasmie theta oraz beta.
Dodatkowo mozliwym bylo zaprezentowanie wptywu farmakoterapii na warto$ci
mocy, ktora dla wiekszosci przypadkow znaczaco spadata. Jest to pierwszy krok do
opracowania metody pozwalajacej na monitorowanie postepu farmakoterapii,
spersonalizowanego miareczkowania lekoOw oraz precyzyjnego okreslenia momentu
zakonczenia procesu leczenia. Na podstawie uzyskanych wynikow, sformulowano
hipoteze, ze wzrost mocy falkowej w pasmie theta oraz beta wynika odpowiednio
Z nadmiernej pobudliwosci kory mozgowej 1 skltonnosci do generowania iglic
padaczkowych. Twierdzimy, ze charakterystyczne cechy widma mocy falkowe;j

moga by¢ wykorzystane do zdefiniowania biomarkera napadow nieswiadomosci.
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Zgodnie z o$wiadczeniem o wspoOtautorstwie moj procentowy wkiad do
niniejszej pracy wynosi 60%. Wspodtuczestniczytem w sformutowanie programu

badawczego i przygotowaniu manuskryptu. Przeprowadzitem wszystkie obliczenia.
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Spike and wave discharges (SWDs) are a characteristic manifestation of childhood
absence epilepsy (CAE). It has long been believed that they unpredictably emerge
from otherwise almost normal interictal EEG. Herein, we demonstrate that pretreatment
closed-eyes theta and beta EEG wavelet powers of CAE patients (20 girls and 10
bays, mean age 7.4 + 1.9 years) are much higher than those of age-matched healthy
controls at multiple sites of the 10-20 system. For example, at the C4 site, we
observed a 100 and 63% increase in power of theta and beta rhythms, respectively.
We were able to compare the baseline and posttreatment wavelet power in 16 patients.
Pharmacotherapy brought about a statistically significant decrease in delta and theta
wavelet power in all the channels, e.g., for C4 the reduction was equal to 45% (delta)
and 63% (theta). The less pronounced attenuation of posttreatment beta waves was
observed in 13 channels (36% at G4 site). The beta and theta wavelet power were
positively correlated with the percentage of time in seizure (defined as the ratio of the
duration of all absences which patients experienced to the duration of recording) for
majority of channels. We hypothesize that the increased theta and beta powers result
from cortical hyperexcitability and propensity for epileptic spike generation, respectively.
We argue that the distinct features of CAE wavelet power spectrum may be used to
define an EEG biomarker which could be used for diagnosis and monitoring of patients.

ywords: pilepsy, EEG,

biomarker, cortical excitability

INTRODUCTION

Childhood absence epilepsy (CAE) is the most common pediatric epileptic syndrome. It has a
prevalence of 10-15% in childhood epilepsies and an incidence of 1.3-6 per 100,000 in children
under the age of 16 years (Covanis, 2010). The disorder is most likely multifactorial, resulting from
interactions between genetic and acquired factors (Gallentine and Mikati, 2012).

The ictal EEG of a typical absence seizure demonstrates rhythmic ~3 Hz bilateral, synchronous
and symmetrical spike and wave discharges (SWDs) with a median duration of approximately 10s,
which may appear several times per day, sometimes as often as dozens of times per day (Schomer
and Lopes da Silva, 2018). It has long been believed that SWDs are unpredictable and emerge from
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otherwise almost normal interictal EEG (Lopes da Silva et al.,
2003). Interictal EEG abnormalities include sparse fragments of
SWDs and focal discharges as well as posterior bilateral delta
activity (Sadleir et al., 2006).

The response to monotherapy (valproic acid, ethosuximide,
and lamotrigine) is generally good. As many as 75-85% of treated
patients are seizure free and have a normal EEG (Covanis, 2010).
The rest usually respond to a combination of drugs such as
valproic acid and ethosuximide. Pharmacological seizure control
with acceptable side effects is achieved for slightly more than half
of the children. The relationship between pretreatment EEG and
response to therapy is unknown (Dlugos et al., 2013). In general,
CARE carries a good prognosis. Seizures spontaneously cease with
ongoing maturation.

The cortical focus theory postulates that an absence seizure
originates from a focus in the somatosensory cortex which
is in a specific state conducive to seizure propagation. At
the beginning of the seizure, it is the cortex that drives the
thalamus, but prominent generalized spike-wave discharges
result from their subsequent mutual interaction (Meeren et al.,
2005). Considering the principal role of the cortex in absence
seizure generation, we hypothesize that in CAE, interictal EEG
manifests distinct features that can be detected even in routine,
rest EEG recordings.

MATERIALS AND METHODS

We retrospectively analyzed a routine, anonymized pretreatment
video EEG recording (average duration 37 % 13 min) of
n = 30 CAE patients (20 girls and 10 boys) with a mean
age of 7.4 £ 1.9 years. The analysis was approved by the
ethics committee and the board of the T. Marciniak Hospital
in Wroctaw, Poland. CAE epilepsy syndrome was established
based on of history, age at onset, clinical, and EEG findings
as well as neuroimaging. In this cohort, we observed 173
seizures, 6 £ 3 per patient on average. The median seizure
duration was 12 £ 4 s. On average, the ratio of the duration
of all absences which patients experienced to the duration of
EEG recording was 4 + 2%. We refer to this ratio as the
percentage of time in seizure (PTS). In nine cases, the first seizure
occurred during hyperventilation, on average 130 £ 55 s after
its onset. The control group (15 girls and 15 boys) was age
matched (7.3 £ 1.9 years) to the patients. EEG was recorded
using the Elmiko Digitrack system with a BRAINTRONICS B.V.
ISO-1032CE amplifier. The sampling frequency was equal to
250 Hz. The 10-20 international standard was used to position
19 Ag/AgCl electrodes (impedances were below 5 kQ). The
ground electrode was placed at the patients' forehead. The
average reference electrode montage was used for time-frequency
calculations. All the EEG recordings were performed between
2008 and 2018 by the same certified EEG technician.

After diagnosis, the pharmacotherapy of 16 out of 30 patients
was administered by the outpatient neurology department of
T. Marciniak Hospital. Valproic acid (two daily dosages of
244 £ 58 mg and 311 £ 111 mg) was used in 75% of the cases
and 19% of the patients were treated with ethosuximide (two daily

dosages of 250 mg). A combination of valproic acid (250 mg twice
a day) and ethosuximide (150 mg twice a day) was used in 6% of
the patients. The treatment response was evaluated with routine
EEG with hyperventilation and photostimulation.

For each patient we extracted five closed-eyes (CE) motion
artifact free pretreatment EEG segments: interictal (preceding the
seizure by 226 & 122 s), preictal A (beginning 31 s before the
seizure), preictal B (beginning 16 s before the seizure), postictal
A (beginning 1 s after seizure), and postictal B (beginning 16 s
after the seizure). The average length of the interictal segments
was: 84 £ 32 5. Due to the presence of motion artifacts and/or eye
openings the length of the preictal and postictal segments slightly
varied. Their average length was equal to 15 £ 25, 15 & 3 s,
16 4 15, and 14 = 2 s for preictal A, preictal B, postictal A, and
postictal B, respectively. The chosen length of pre- and postictal
segments assured that data from all subjects could be included in
analysis. For the controls, the average length of selected CE EEG
segments was 55 & 27 s. We also analyzed the most recent follow-
up EEG which on average was recorded 1.5 & 2 years after the
video EEG used for diagnosis. The average length of CE segments
selected for analysis from the follow-up EEG was 28 = 15 5. There
were no seizures in the follow-up EEGs.

‘We calculated the continuous wavelet transform (CWT) of
EEG using the complex Morlet mother function. We analyzed
the statistical properties of instantaneous wavelet power w(f, tp)
(square of the modulus of complex wavelet coefficients) and
temporal average W (f) = < w(f to) > (o over the selected EEG
segment. We used the mother function with the center frequency
fe = 1 and bandwidth f, = 1.8 (Latka et al., 2003). For these
parameters, the transform was computed for three frequencies f:
6.5, 9, and 15 Hz. Figure 1A elucidates the rationale for such a
choice of frequencies. The dashed red line in this figure represents
the percentage difference between the C4 wavelet spectrum W (f)
of patients and controls. The difference curve has two distinct
local maxima at 6.5 and 15 Hz. These frequencies were used
to analyze theta and beta rhythms, respectively. The spectra
of patients and controls have the maxima around 9 Hz and
consequently such frequency was used for analysis of alpha waves.
Figure 1B shows that the chosen wavelet calculated for 15 Hz
may be used for detection of epileptic spikes. In other words,
we focus on this part of the beta band which may be involved
in the genesis of epileptic spikes. The spectacular increase of
beta wavelet power in the vicinity of the epileptic spikes in
Figure 1B can be employed in the simple but highly effective
SWD detector which we describe elsewhere. The wavelet with
Jfe = 1 and bandwidth fj, = 1.5 calculated for frequency 3 Hz was
used to quantify delta waves.

We used the Shapiro-Wilk test to determine whether the
analyzed data were normally distributed. We compared the
pretreatment and posttreatment values of W (f) as well as the
values of the controls with the Kruskal-Wallis test (with Tukey’s
post-hoc comparisons). The same test was used to analyze the
changes in wavelet power in preictal and postictal segments.
The patients’ pretreatment wavelet power averaged over all
channels was compared with that of controls using also a non-
parametrical statistical testing (Maris and Oostenveld, 2007). The
reported p-values for this test correspond to 1 x 10° random
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FIGURE 1 | (A) The group-averaged wavelet power spectrum in C4 channel of patients (thick light green) and controls (thick dark green). The complex Morlet
wavelet (fo = 1, f, = 1.8) was used as a mother function. The thin lines which bracket the averages represent standard error of the mean (SEM). The percentage
difference between the patients and controls was drawn with the red dashed line. (B) Example of childhood absence epilepsy seizure. The presented section of EEG
(blue curve) was extracted from EEG of a 7-year-old girl (patient BZ). The instantaneous power of the complex Morlet wavelet (fz = 1, f = 1.8) calculated for 15 Hz
was drawn with the red curve.

draws. The area under the receiver operating characteristic curve  between the values of W(f) for all four EEG bands and the
(AUC) was used to quantify differences in W(f) between patients  percentage of time in seizure was examined for all 19 EEG
and controls. AUC was also calculated for pretreatment and channels using Pearson’s correlation coefficient. The significance
posttreatment values of W. The values of AUC, sensitivity and  threshold for all the statistical tests was set to 0.05. The wavelet
specificity were reported for selected channels. The correlation  and statistical analyses were done with MATLAB R2015A.
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We employed classifiers implemented in Weka software
(version 3.8)' to discriminate between patients and controls using
theta and beta wavelet power W(f). Out of 38 such attributes,
we used only these with non-zero gain ratio (entropic measure).
Machine learning was performed with 10-fold cross-validation.

RESULTS

Figure 2 shows that the pretreatment interictal closed-eyes theta
and beta EEG wavelet powers of CAE patients are much higher
than those of age-matched controls at multiple sites of the 10-
20 system. For the theta band, we observed a 100% increase
in patients’ wavelet power W at C4 site (343 + 296 wv2s vs.
172 £ 118 Vs, p = 9 x 1073, AUC = 0.87, sensitivity = 0.87,
specificity = 0.63). For the beta band, the power in the patients
was 63% greater than in the controls (32 + 18 wvis vs.
20 £ 13 pV2, p = 4 x 1073, AUC = 0.77, sensitivity = 0.77,
specificity = 0.73). With the exception of channel Fz, there was
no statistically significant difference between the pretreatment
patients and the controls for alpha rhythm. For the delta band,
the increased pretreatment wavelet power was observed only at
the occipital channels.

The value of W(f) averaged over all 19 EEG channels was
higher for pretreatment patients both for theta and beta bands.
The corresponding p-values for Kruskall-Wallis test were equal to
4% 10 %and 1 x 10~3. For non-parametric testing, p = 8 x 10~
and p = 1 x 10~ for theta and beta rhythms, respectively.
Kruskall-Wallis test did not detect differences in alpha and
delta power between untreated patients and controls. Non-
parametric testing showed the differences in the delta band with
p=2x10"2

In Figure 3 we present the probability density function (PDF)
of instantaneous interictal theta and beta wavelet power w(fty)
in channel C4 for the controls (light green) and the pretreatment
patients (dark green). For both cohorts, we aggregated the values
of w(fty) from all their members. It is apparent that the tail of
the PDF is much longer for the pretreatment cohort. The insets
in both subplots show the boxplots of time-averaged values of
the pretreatment and posttreatment wavelet power W as well
as that of the controls. It is apparent from Figure 3A that
pharmacotherapy suppressed the elevated pretreatment theta
power that dropped 63% from 343 + 296 puV’s to 127 + 123
WV2s with post-hocp =2 x 104 (AUC = 0.87, sensitivity = 0.75,
specificity = 0.87). The patients’ posttreatment C4 theta power
was not statistically different from that of the controls (p = 0.26).
Figure 3B shows that the influence of treatment on C4 beta power
was weaker. In that case the power was reduced 36% from 32 + 18
RV2s to 21 = 22 pV?s with post-hoc p = 3 x 1073 (AUC = 0.78,
sensitivity = 0.81, specificity = 0.70).

For the alpha band, there were no statistically significant
differences between the wavelet power in interictal segments
and those in preictal and postictal ones. The W of theta and
beta rhythms was statistically greater than the interictal value
only in postical A segments (channels Fpl, Fp2, F7, F8, and

'hatps:/ hwww.cs.waikato.ac.nz/ml/wekal

Fpl, F7, respectively). Such increases in theta wavelet power
were not observed in postictal B segments. For preictal B and
postictal A segments (adjacent to the absence seizure) the delta
wavelet power was statistically greater than the interictal values
in all 19 EEG channels. For example, at the C4 site, patients
wavelet power in preictal B segment was 367% greater than
in the controls (1,259 + 1,973 pV3s vs. 269 + 136 pV3s,
p=3x 1075, AUC = 0.82, sensitivity = 0.76, specificity = 0.83)
and 212% greater than the average value in the interictal segments
403 + 276 V25 (p = 2 x 1072, AUC = 0.82, sensitivity = 0.69,
specificity = 0.73). Postictal A wavelet power W at C4 for the
delta band was 651% greater than in the controls (2,020 & 3,837
wV3s vs. 269 + 136 uV3s, p = 1 x 107%, AUC = 0.83,
sensitivity = 0.76, specificity = 0.83) and 402% greater than
that for interictal segments (p = 1 x 10-2, AUC = 0.74,
sensitivity = 0.69, specificity = 0.77). There were no statistically
significant differences in the interictal and postictal B delta
wavelet power. Thus, the increase in postictal theta and delta
wavelet power subsides within 30 s after the absence seizure.

Both for the theta and beta bands, the interictal wavelet power
W was positively correlated with the percentage of time in seizure
PTS in majority of channels. For theta waves, there were 17 such
channels and the average value of Pearson’s correlation coefficient
r was equal to 0.51 & 0.11 (range 0.26-0.66, maximum at T3
and minimum at P4). For beta rhythm, we found 16 channels
0.51,
range 0.19-0.66, maximum at P3 and minimum at O2). No
statistically significant relationship between W and PTS was
observed for alpha waves.

One can see in Figure 4 that pharmacotherapy primarily
attenuates the low-frequency part of EEG spectrum. For
all the channels, the values of interictal posttreatment delta
and theta power are smaller than the pretreatment ones. In
particular, for the delta band, W for C4 channel fell 45%
from 394 + 280 pVZs to 218 + 328 pV2s (p = 7 x 1073,
AUC = 090, sensitivity = 0.75, specificity = 0.84). The
less pronounced decrease in posttreatment beta power was
observed in 13 channels. The fact that there is no increase of
posttreatment alpha wavelet power implies that the attenuation
of theta rhythm does not result from EEG maturation but is
caused by treatment.

For channel C4, the reduction of W was observed in 100 and
81% patients for the theta and beta band, respectively. The data
presented in Figures 4E,F are representative of the downward
trend in the wavelet power during pharmacotherapy. For theta
rhythm, a reduction was observed in all patients for channel
C4, and all but one in channels: F7, T5, T6, P3, P4, and Pz.
Upon averaging of all channels, both for theta and beta waves the
reduction of W was observed in 94% cases.

Out of 38 potential attributes, only 13 had non-zero gain
ratio. For theta rhythm: C4 (0.28), Cz (0.28), P3 (0.24), O1
(0.22), Fz (0.21), Pz(0.21), C3 (0.20), For beta waves: Pz (0.29),
P3(0.28), P4 (0.28), 01 (0.26), 02 (0.21), C4 (0.19). The Bayesian
network classifier (with default parameters) turned out to be the
most balanced. It achieved accuracy of 78%, specificity 79%, and
sensitivity 77%. The classification was based on only six channels:
C4, Cz, Fz for theta band and Pz, P3, O1 for beta band.

where correlations were significant (average value r =
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FIGURE 2 | Percentage differences between wavelet power of closed-eyes interictal pretreatment EEG of CAE patients and the controls (with respect to controls)
for: delta (A), theta (B), alpha (C). and beta (D) rhythms. The EEG channel labels indicate sites for which the differences were statistically significant.

[%]

DISCUSSION

GAERS and the WAG/Rij rodent models have paved the way for
the understanding of pathophysiology of human CAE seizures
(Akman et al, 2010). Liittjohann and Van Luijtelaar reviewed
animal studies and the translation of research results from
rodent models to humans (Liittjohann and Van Luijtelaar, 2015).
According to the cortical focus theory of Meeren et al. (2005)
the genesis of absence seizure starts with a single spike which
rapidly spreads over the hyperexcited cortex. The formation
of prominent SWDs is possible only due to interaction with
the thalamus which acts as a resonant circuit. The rapid
generalization of spike-wave activity over the cortex is due to
short-range intracortical fibers and to a subpopulation of cells
that have long-range association fibers. These fibers run under
the cortex in the white matter, making extensive connections with
other cortical areas.

In rats, SWDs emerge from the cortical focus which is located
either within the perioral somatosensory cortex (WAG/Rij) or
the secondary somatosensory cortex (GAERS) and subsequently
propagate via the corticothalamocortical loop. Polack et al.
demonstrated that blockade of action potential discharge and

synaptic activities in facial somatosensory cortical neurons (by
topical application of tetrodotoxin) prevents the formation
of SWDs (Polack et al, 2009). In contrast, pharmacological
inhibition of a remote motor cortical region does not suppress
ictal activities. Westmijse et al. discovered, using a beamforming
source localization technique, that in humans the sources of
spikes from a train of SWDs were at the frontal lateral, central and
medial parietal cortices (Westmijse et al., 2009). The involvement
of the thalamus in the generation of SWDs was demonstrated in
combined EEG-fMRI (Granert et al., 2008; Moeller et al., 2010)
and MEG (Tenney et al., 2013) studies. The differences between
rat and human data are in the frequencies of SWDs (6-11 Hz vs.
2.5-4 Hz) and the location of the early local cortical activity which
is quite variable in humans. The location may even change during
a seizure (Westmijse et al., 2009) and is predominantly, but not
exclusively, located in the frontal-central/parietal areas. The low
variability of the position of cortical focus in the rats can easily be
explained by the fact that both epileptic strains are fully inbred,
and the animals are homozygous.

Herein, we found that the pretreatment closed-eyes theta
wavelet power of CAE patients was much higher than that of
age-matched controls at multiple sites of the 10-20 system.
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FIGURE 3 | Comparison of probability density function (PDF) of instantaneous wavelet power of interictal pretreatment EEG of GAE patients (light green) and the
contrals (dark green) for: theta (A) and beta (B) rhythms. PDFs were calculated from the closed-eyes segments extracted from C4 channel. The insets in both
subplots show the boxplots of time-averaged values of the pretreatment and posttreatment wavelet power of as well as that of the controls.

Moreover, the theta wavelet power was positively correlated
with the percentage of time in seizure. This result should not
come as a surprise. In the late 1960s Doose et al. argued
that strong rhythmic theta activity was an age-dependent
electroencephalographic expression of a genetic disposition to
convulsions, see a review paper (Doose and Baier, 1988) for a
complete list of references. This hypothesis was noted, along
with the opposing view, by the authors of the classic text on
encephalography (Schomer and Lopes da Silva, 2018). To the best
of our knowledge, initial observations have not been followed

up on using quantitative EEG analysis (Doose et al., 2003). The
more recent research provided new evidence for the role of theta
rhythm in epilepsy. Clemens et al. (2012) using a Low Resolution
Electromagnetic Tomography (LORETA) source localization
found increased theta activity in the basal prefrontal and medial
temporal limbic areas of CAE patients. Démétor et al. (2017)
observed reduced current source density in 0.5-8 Hz frequency
range in CAE patients who responded to pharmacotherapy.
Douw et al. (2010) in their MEG studies found that theta band
brain connectivity and network topology is altered in epilepsy
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power W in C4 channel.

which developed in brain tumor patients. Milikovsky et al. We interpret the results presented herein as evidence in
(2017) discussed the properties of theta dynamics in the animal ~ support of the following postulates. We hypothesize that the
model of postinjury epilepsy. Sitnikova and van Luijtelaar (2009)  increased theta rhythm power in CAE patients is a manifestation
found that the increased delta and theta power preceded SWDs  of cortical hyperexcitability (Vestal and Blumenfeld, 2010). Since
in WAG/RIj rats. strong theta rhythm may be found in up to 15% of healthy
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children (Doose and Baier, 1988), cortical hyperexcitability
may be a necessary but not a sufficient prerequisite for
CAE. The increased beta power may reflect propensity for
epileptic spikes generation - spikes that trigger absence seizures.
This interpretation is corroborated by the recent work of
Sorokin et al. (2016) who found that in rats absence seizure
susceptibility correlates with pre-ictal beta oscillation. It is worth
pointing out that as we detune the parameters of the analyzing
wavelet away from the values optimal for spike detection, the
differences in beta power between the pretreatment patients and
controls disappear.

As with all epileptic syndromes, once the diagnosis of CAE is
confirmed, only the absence or recurrence of seizures provides
an indication as to whether anti-epileptic drugs (AEDs) have
had any effect. We argue that the distinct features of CAE
wavelet power spectrum may be used to define an EEG biomarker
which could be used for diagnosis and long-term monitoring
of patients. The most apparent applications of such monitoring
would be in the assessment of the efficacy of pharmacotherapy
and its duration.

Over the last three decades, transcranial magnetic stimulation
(TMS) has become a principal tool for accessing cortical
excitability associated with epilepsy (Bauer et al., 2014). However,
there are essentially no TMS studies of drug-naive patients with
CAE (Kessler, 2016). The barriers to the inclusion of children
from such studies stem not only from the very nature of this
experimental technique, e.g., its duration or immobilization of
head during measurement, but also from a few fundamental
reasons. For example, it is not clear whether the motor cortex
physiology is a reliable marker of seizure susceptibility in children
with less mature brain networks. Moreover, abnormalities in TMS
markers of cortical excitability are not specific to epilepsy and
may observed, among others, in ADHD, a common comorbid
condition in children with epilepsy (Reilly et al., 2017). Future
research should verify whether measurement of theta band power
in CAE patients could be used in lien of TMS. In particular, the
previous TMS studies (Wright et al., 2006; Badawy et al., 2009)
revealed that increased excitability preceded epileptic seizures.
Thus, the question arises as to whether temporal changes in
cortical excitability occur in CAE.

To use theta and beta wavelet power as biomarkers of CAE
it needs to be proved that the observed changes between patient
and controls are reproducible (which is important considering
inherent variability of human EEG) and are not affected by
the developmental changes of EEG which occur about the age
of puberty. The main limitation of the study comes from its
retrospective character. We analyzed the routine video EEGs that
were used for diagnosis. We were able to demonstrate that the
differences between patients and controls persisted throughout
the EEG recordings. In particular, there were no differences in
theta and beta wavelet power between the interictal segment
(preceding the first observed seizure) and the preictal A, and
postictal B segments. The data showed that the changes in wavelet
power associated with absence seizure subsided within 30 s after
its end. As we already mentioned, cortical excitability is known
to vary with time. There is no doubt that future long-term EEG
monitoring must verify our findings. The mean age of subjects

was 7.4 £ 1.9 years. The follow-up EEGs were recorded on
average one and a half year later. Puberty usually occurs in girls
between the ages of 10 and 14, while in boys it generally occurs
later. Thus, it is unlikely that the observed reduction of delta and
theta power was merely effect of maturation and not brought
about by pharmacotherapy. Moreover, there were no increases
in alpha wavelet power in pretreatment and posttreatment EEGs
which argues against the maturation effect.

Even though the analyzed pretreatment EEG segments were
short, we were able to construct a balanced classifier which
differentiated patients and controls with good accuracy using
only several attributes. The assessment of applicability of such
classifier in absence seizure diagnostics requires further studies
with much larger datasets.

Pharmacological seizure control with acceptable side effects
is achieved for slightly more than half of children with
CAE. Herein we found that pharmacotherapy most effectively
suppresses low-frequency EEG oscillations. Quantitative EEG
analysis offers a unique opportunity to design a treatment which
would more selectively attenuate the pathological theta and/or
beta rhythms. The availability of low-cost, Internet connected
personal EEG devices paves the way for home monitoring of
patients which would facilitate drug titration and termination
of pharmacotherapy.
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Publikacja 2 — Absence Seizure Detection Algorithm for
Portable EEG Devices

Druga praca zostata poswigcona problemowi automatycznej detekcji napadow
nieswiadomo$ci. W ostatnich latach pojawity si¢ na rynku niedrogie, mobile
urzadzenia EEG, ktére wykorzystujg zaledwie kilka elektrod. Celem pracy byto
sprawdzenie mozliwo$ci dlugoterminowego monitorowania pacjentéw z CAE 1 JAE.
Potencjalne korzys$ci z tego rodzaju monitoringu obejmujg ulatwienie diagnozy,
spersonalizowane miareczkowanie leku czy okreslenie dlugosci farmakoterapii.
Nowatorski algorytm detekcji napadow nieswiadomo$ci oparty jest na
wlasciwosciach ciaglej transformaty falkowej =z funkcja bazowa Morleta.
Prezentowane w niniejszej pracy wyniki pokazaly, ze skutecznos¢ zaproponowanego
algorytmu jest wystarczajaco duza do zastosowan klinicznych, a szybkos$¢ dziatania

pozwala na implementacj¢ na powszechnie dostgpnych smartfonach.

Podobnie jak w przypadku pierwszej publikacji moj wkitad wynosi 60%.
Zakres mojej pracy byl analogiczny.
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Absence seizures are generalized nonmotor epileptic seizures with abrupt onset and
termination. Transient impairment of consciousness and spike-slow wave discharges
(SWDs) in EEG are their characteristic manifestations. This type of seizure is severe in two
common pediatric syndromes: childhood (CAE) and juvenile (JAE) absence epilepsy. The
appearance of low-cost, portable EEG devices has paved the way for long-term, remote
monitoring of CAE and JAE patients. The potential benefits of this kind of monitoring
include facilitating diagnosis, personalized drug titration, and determining the duration
of pharmacotherapy. Herein, we present a novel absence detection algorithm based
on the properties of the complex Morlet continuous wavelet transform of SWDs. We
used a dataset containing EEGs from 64 patients (37 h of recordings with almost 400
seizures) and 30 age and sex-matched controls (9 h of recordings) for development and
testing. For seizures lasting longer than 2 s, the detector, which analyzed two bipolar
EEG channels (Fp1-T3 and Fp2-T4), achieved a sensitivity of 97.6% with 0.7/h detection
rate. In the patients, all false detections were associated with epileptiform discharges,
which did not vield clinical manifestations. When the duration threshold was raised to
3, the false detection rate fell to 0.5/h. The overlap of automatically detected seizures
with the actual seizures was equal to ~96%. For EEG recordings sampled at 250 Hz,
the one-channel processing speed for midrange smartphones running Android 10 (about
0.2 s per 1 min of EEG) was high enough for real-time seizure detection.

Keywords: childhood ab: il EEG, I d portable device

1. INTRODUCTION

Typical absence seizures are brief (lasting seconds) generalized nonmotor epileptic seizures with
an abrupt onset and termination (1, 2). Transient impairment of consciousness and spike-slow
wave discharges (SWDs) in electroencephalogram (EEG) are their characteristic manifestations.
Typical absence seizures are severe in childhood (CAE) and juvenile (JAE) absence epilepsies but
mild or inconspicuous in other syndromes such as juvenile myoclonic epilepsy (JME). Typical
absence seizures are predominantly spontaneous, but in about 90% of untreated patients, they
may be provoked by hyperventilation. Sleep deprivation, photostimulation, specific geometric
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patterns, video games, and even thinking may also precipitate
them. The pathophysiology of absence seizures is fundamentally
different from other types of seizures, making their diagnosis and
treatment unique.

CAE is the most common pediatric epileptic syndrome with
an age of onset of around 6-8 years (3). It has a prevalence of 10-
15% in childhood epilepsies. In children under the age of 16 years,
the incidence rate is 1.3 to 6 per 100,000. The ictal EEG of a CAE
seizure demonstrates rhythmic 3 Hz bilateral, synchronous, and
symmetrical spike and wave discharges (SWDs) with a median
duration of approximately 10s, which on average appear several
times per day. In pyknoleptic cases, hundreds of seizures may
occur daily (4). The 2010 Childhood Absence Epilepsy Study
showed that only 37% of all enrolled subjects were free from
treatment failure on their first medication a year after diagnosis
(5).

JAE typically begins between 10 and 16 years of age and
is usually a life-long condition. JAE seizures tend to be longer
than in CAE (lasting up to 45 s) and non-pyknoleptic (typically
occurring less than daily).

While CAE and JAE are distinct epilepsy syndromes, there is
considerable overlap between them, and the cut-off age remains
controversial. During disease, patients with JAE or patients in
the overlap group are more likely to develop generalized tonic-
clonic seizures and myoclonic attacks. In the long-term follow-
up (mean 26 years, range 3-69), only 58% of the patients with
absence seizures were in remission (6).

The diagnosis of absence seizures is laborious since it
requires analysis of long video-EEGs (on average around 30
minutes long) to detect seizures and their clinical manifestations
(consciousness impairment, motor symptoms) and abnormal
EEG background activity.

The appearance of low-cost, portable EEG devices (7) has
paved the way for long-term, remote monitoring of patients with
absence seizures. The potential benefits of this kind of monitoring
include facilitation of diagnosis, personalized drug titration, and
determining of duration of pharmacotherapy. The need for
automatic and reliable detection of absence seizures has long been
recognized (8). Diverse algorithms have been proposed so far to
detect seizures in animal models of epilepsy (9-12) or in human
EEG (13-21). Herein, we present a novel approach to absence
seizure detection, which is applicable both to clinical EEGs and
recordings made with portable EEG devices with a small number
of channels. The algorithm’s efficiency and robustness to motion
artifacts enable its implementation on mobile devices.

2. MATERIALS AND METHODS
2.1. EEG Recordings

Wroclaw Medical University’s Ethics Committee approved
a retrospective analysis of routine anonymized video-EEG
recordings of patients (36 with CAE and 28 with JAE) as
well as 30 EEGs of age-matched controls. Epilepsy syndrome
was established based on history, age at onset, clinical EEG
ﬁndings, and neuroimaging. EEGs were acquired with Elmiko
Digitrack (BRAINTRONICS B.V. ISO-1032CE amplifier) or
Grass Comet Plus EEG (AS40-PLUS amplifier) using 200 or 250
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Hz sampling frequency. The international 10-20 standard was
used to arrange 19 Ag/AgCl electrodes (impedance below 5k€2).
Total EEG duration was equal to 37 and 9 h for the patients and
controls, respectively.

We assigned patients’ EEG to either training or testing
datasets. In the first one, there were 34 recordings (22 CAE and
12 JAE) with 199 seizures (6 =+ 4 per patient and averaged seizure
duration equal to 12 & 4 s). In the 30 recordings of the testing
dataset (15 CAE and 15 JAE), there were 177 absence seizures (6
=+ 5 per patient and averaged duration equal to 12 £ 6 s). An
experienced neurologist carried out a visual EEG inspection and
marked the seizures with a 1 s accuracy.

Figure 1 provides the rationale for using the longitudinal
bipolar montage. The seizure detector was developed and tested
for two channels: Fp1-T3 and Fp2-T4.

We used three filters for EEG preprocessing: a second-order
infinite impulse response (IIR), 6th-order high-pass Butterworth
with a cutoff frequency of 0.5 Hz, and 6th-order low-pass
Butterworth with a cutoff frequency of 25 Hz. These filters
remove 50 Hz power line noise, EEG baseline drift, and muscle
artifacts, respectively.

2.2. Continuous Wavelet Transform
The continuous wavelet transform (CWT) of a signal s(f) is an
integral transform:

+00 _
Tls)(a, to) = % f o (%) & W

with the basis functions ¥ (a,tp) = Y¥(t — ty/a), known as
wavelets, that are translated and scaled version of the mother
function ¥ (t) (22). Motivated by the results of the previous study
(23), as a mother function, we use the complex Morlet wavelet
(24, 25):

U omife —22
V) = e et =t/ (2
whose Fourier transform 1;5'(_)r ) is given by

() = V2 Yme U, ®)

The real parameter f. is called the center frequency
since it is equal to the maximum point of the wavelet’s
Fourier power spectrum. The scale a corresponds to the
following pseudofrequency:

Ja="" (4)

As we can see in Equations (2, 3), the wavelets are localized both
in time and frequency domains. This dual localization makes
CWT particularly applicable to the detection of transient events
such as absence seizures.

Seizure detection is based on the properties of the

instantaneous wavelet power ‘T[s](a, to)|2 normalized by

signal’s variance o

W (fouto) = | Tlsla, to)]” /5. ()
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If we apply the convolution theorem to Equation (1), then it is
apparent that the Fourier transform of T[s](a, to) is the pointwise
product of the Fourier transforms of the signal and wavelet.
Thus, it is possible to calculate CWT by taking the inverse
Fourier transform of such a product. We used this approach in
the MATLAB function, presented in Supplementary Materials,
which calculates the complex Morlet CWT (25). We included
the listing to facilitate the reproduction of the results and
avoid confusion related to erroneous normalization of the most
popular Python and MATLAB CWT implementations. We will
discuss this problem in a forthcoming publication.

For the most commonly used wavelets, such as the complex
Morlet, the analytical expression for their Fourier transform is
known. Therefore, in the presented function, we calculate only

the FFT of the signal and use Equation (3) to obtain the wavelet's
FFT spectrum.

The complex Morlet CWT of the preprocessed Fpl-T3 and
Fp2-T4 channels was calculated without signal partitioning.

2.3. Detection Algorithm

The detection of an absence seizure (Figures 2A,E), defined as an
SWD lasting for more than 2 s (26), proceeds in two steps. First,
we locate the train of slow waves and then verify that there are
epileptic spikes embedded in it. One can see in the scalogram
Figure 2B that when the wavelet’s pseudofrequency is close to
that of an absence (~ 3 Hz), then the wavelet power forms a
prominent ridge. We refer to the time interval during which
the power exceeds the chosen threshold Tr as the slow-wave
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detected whenever the epileptic spikes are found in the slow-wave envelope (1).

FIGURE 2 | (marked with the white horizontal dashed line) are plotted in subplot (€) with the blue and orange lines, respectively. We refer to time intervals during
which the wavelst power for these frequencies exceeds the predetermined threshold (represented in (C) by the red dashed horizontal line) as the slow-wave
envelopes. For a given seizure, the total envelope is obtained by merging 2.7 and 3.3 Hz envelopes as shown in (D). The right column shows the complex Morlet
analysis with parameters tuned to spike detection. The prominent ridges in wavelet power density map (F) and peaks in 15.3 Hz cut (G) are manifestations of seizure’s
spikes. The white horizontal dashed line in (F) corresponds to the spike frequency 15.3 Hz obtained in the grid search. The train of unit pulses in (H) indicates time
intervals during which wavelet power for 15.3 Hz is greater than the spike threshold value (marked in subplot (G) with the red dashed horizontal line). An absence is

envelope. This envelope is a unit boxcar function that takes on
one whenever the power is greater than Tg. As the frequency of
SWDs is subject-dependent and may even slightly vary during a
seizure (15), we construct two envelopes with wavelet frequencies
fiow and fig, (Figure 2C) and merge them as shown in Figure 2D.
The merging amounts to a pointwise application of a logical OR
function to both envelopes.

For a suitably chosen pseudofrequency fok., the wavelet
power w(”)(fsp,;(g) peaks around the position of epileptic spikes
(Figure 2F). If the percentage of samples PT within the final
envelope for which the wavelet power is greater than T, we
conclude that there are spikes (Figure 2H) within the envelope
(Figure 2I). Such the envelope delineates the absence seizure.

In some cases, w("’(fsp,-ky) may also be elevated for high-
amplitude artifacts. To reduce the number of false positives, we
modified the original algorithm. We do the following amplitude
check and disregard all envelopes for which:

e More than 10% of the samples have amplitudes outside the
range [—500 pV, 500 uV] (in the differential montage epileptic
spikes can have amplitudes of the order of hundreds pV).

e Any sample is outside the range [-1,000 pV, 1,000 uV].

For envelopes shorter than 5s, we also calculate the variance
of w(”)(fspik,) to detect the wavelet power pulsatility of absence
(Figure 2G). If such variance is greater than Ty, the detector flags
the envelope as a seizure. We refer to such a comparison as the
wavelet variance check.

Figure3 shows the flowchart of the final absence
seizure detection algorithm. The proposed algorithm may
be used independently for channels Fpl-T3 and Fp2-T4.
Alternatively, the seizure envelopes from these two channels may
be superposed.

2.4, Determination of Algorithms’
Parameters
We determine fio, fhigh» and Tg by maximizing the overlap of
slow-wave envelopes with the absence seizures from a training
dataset disregarding possible false detections.

Using these values, we search for the maximum of the
following objective function:

O(fspike» Ts, PT) = OVRy — PERR — 0.5 x FDET — FDETc (6)

to find foike, Ts, and PTs - spike detection parameters. In Eq
(6), OVRy is the percentage overlap of slow-wave envelopes with
seizures. PERR is the percentage of the number of false positive
samples in a given EEG. FDET and FDET are the number of
false detections for the patients and controls, respectively.
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The form of the objective function follows two requirements.
The first is that we want to overlap the slow-wave envelope
with the seizure as accurately as possible. The second is that
in patients, false positives can be associated with epileptiform
discharges with no clinical manifestations. Therefore, in Eq
(6), the weight assigned to the patients’ false detection penalty
(FDET) is half of that given to the controls. We arbitrarily chose
the 1:2 weight ratio.

Ty can be determined in the following way. We calculate the
variance of w(")(f;pikc) for the controls’ EEGs. Then, we calculate
the mean and standard deviation of the distribution. Finally, Ty
is set to the mean increased by three standard deviations (Ty =
0.05).

We determined the slow-wave and spike detection parameters
using the exhaustive grid search.

2.5. Software Implementation

The seizure detection software was implemented both in
MATLAB (R2018a) and Java. In the latter case, we wrote a
desktop version (which can be run on any computer with Java
virtual machine) and a mobile version for Android smartphones.
In Java software, we used the class FastFourierTransformer from
Apache Commons Math Library (version 3.6.1). Testing and
performance benchmarking was performed on a desktop PC with
AMD Ryzen 7 3700X 8-Core processor running Windows 10 and
Samsung S9 mobile phone (4GB of RAM and 2.8 GHz Samsung
Exynos 9810 8-Core processor) with Android 10.

3. RESULTS

Using two-step (slow-wave envelope and spike detection)
optimization on the training dataset, we obtained the following
model parameters fi,,, = 2.7 Hz, fljgn = 3.3 Hz, Te = 0.05,
fipike = 15.3 Hz, Ts = 0.012, PTs = 12%. After the parameters
were determined, we lowered the value of Ty from 0.05 to 0.008.
This change is explained in Discussion section.

The seizure detector had 98.5% and 96.6% sensitivity
for the training and testing datasets, respectively (see
Supplementary Tables 1, 2). The corresponding false detection
rates were equal to 0.9/h and 0.4/h. The overlap OVR of the
detected and actual seizures was good for both datasets (97% =+
6% and 95% =+ 10%). The percentage error PERR that accounts
for both false positives and erroneously extended slow-wave
envelopes was equal to 0.9% =+ 0.7% for both datasets.

Supplementary Table 3 shows that both the amplitude
and wavelet variance checks contribute to the false
detection reduction.

June 2021 | Volume 12 | Article 685814

34



Glaba et al

Absence Seizures Detection Algorithm

EEG segment with slow-wave envelope,

Envelope's duration < 5s,

¥

catcutate W (fypres)
(fc= 0.8, fspes = 15.3 Hz)

Spikes detected in envelope
and

amplitude check passed

eizure d i No

Variance check passed

U

STOP

FIGURE 3 | Absence seizure detection flowchart. Once the slow-wave envelope Is present in an analyzed EEG segment, the detector checks whether there are
epileptic spikes embedded in it. The amplitude and the normalized wavelet power variance checks are also performed to eliminate artifacts.

In Supplementary Table 4, we compare the execution times of
three absence seizure detector implementations. The execution
time is determined by the efficiency of an FFT function, which
is used to calculate the continuous wavelet transform. Matlab is
renowned for its FFT implementation. Thus, it is not surprising
that for the longest segment (N = 213), the Matlab version of
the detector ran almost 16 and 19 times faster than the Java
software running on Windows 10 and Android 10 (0.18 s vs.
2.79 s and 3.41 s). Interestingly enough, for shorter segments,
the detector ran faster on the mid-range Android device than
on the PC. Nevertheless, the single-channel Android processing
speed of 0.2 s per minute of EEG is adequate for real-time
seizure detection.

4. DISCUSSION

Ithas long been recognized that long-term EEG monitoring is the
most reliable method for absence detection (27). Parents notice
only about 6% of daytime seizures, and very often, teachers are
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the ones who recognize the CAE/JEA beginning (28). The 2010
Childhood Absence Epilepsy Study (5) has provided a compelling
rationale for using portable EEG devices in the management of
CAE/JEA patients. This randomized controlled trial showed that
only 37% of all enrolled subjects were free from treatment failure
on their first medication a year after diagnosis.

In the last two decades, many researchers have investigated
absence seizure detection (13-17, 20). The datasets in these
studies were small-the analyzed SWDs came from nine patients
(range 2-20). On average, there were 70 seizures longer than 2
s (range 2-158). In all but one algorithm (20), discrete wavelet
transform was used for signal preprocessing. Machine learning
was used in 3 of 4 detectors. On average, 11 features were
extracted from 15 EEG channels.

Kjaer et al. (19) used an experimental EEG setup with 3
electrodes for 24-h EEG monitoring of 6 patients (593 seizures).
Their support vector machine detected 98.4% SWD’s with 0.23/h
false detection rate using 10 features of five-level db4 wavelet
EEG decomposition.
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The absence seizure detection algorithm presented in this
work is unique because it exploits the apparent traits of SWDs
and EEG motion artifacts. Despite the simplicity, its 97.6%
accuracy matches that of black-box machine learning classifiers.

Our experience indicates that frequent, albeit not excessively
long, EEG home monitoring is feasible in pediatric patients as
long as an EEG wearable is easy to put on and is comfortable.
This study used the bipolar channels Fpl-T3 and Fp2-T4 for
seizure detection because they approximately corresponded to
the Muse headband electrode placement. On the one hand,
this choice seems to be rational given absence seizures are
usually well pronounced in the frontal regions (29) and the
large spacing between the electrodes augments the characteristic
features of SWDs as shown in Figure 1. On the other hand, Fpl
and Fp2 channels are prone to muscle and eyeblink artifacts.
There were 26 and 8 false detections in the patients and
controls, respectively. In the patients, all false detections were
associated with epileptiform discharges, which did not yield
clinical manifestations. Half of the errors in the control group
were caused by the prominent SWDs. We show the examples of
misclassified EEG segments in Figure 4. We used the stringent
value Ty = 0.05 for the determination of the model parameters.
Once we realized that false detections are not caused by motion
artifacts, for classification, we lowered this parameter to 0.008 to
maximize the detection sensitivity (for Ty = 0.05, the sensitivity
was equal to 93% with the false detection rate 0.4/h). Some
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pediatricians agree that sensitivity of 90% and false detection rate
of 1/h are clinically acceptable (19).

Unlike previous studies, the false detection rate was not
determined by the motion artifacts. We would like to emphasize
that the presented seizure detection was performed on clinical
EEGs, which is the main limitation of this study. The question
arises as to whether the amplitude and wavelet variance checks
would be equally effective in eliminating motion artifacts in EEGs
acquired with wearable devices in home settings. It is worth
mentioning that the false detection rate can be reduced by using
secondary electrodes for artifact cancellation (30) and employing
different single-channel artifact detectors (31, 32). As most
commercial EEG bands have MEMS accelerometers, one may
also explore the possibility of incorporating head acceleration in
the artifact removal algorithm. However, the connection between
EEG artifacts and head movement is not always apparent (33).

In a recent study, Dan et al. presented an absence seizure
detector based on a linear multichannel filter that was
precomputed offline in a data-driven fashion based on the
spatial-temporal signature of the seizure and peak interference
statistics (21). The performance of this detector depends on the
number of channels (from 3 to 18) used in the calculations. For
the three channels, the accuracy was equal to 95% with a 0.4/h
false detection rate. The authors set the minimum seizure length
to 3 s (34). It is worth pointing out that for this absence duration
threshold, the two-channel detector described in this work had
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the false detection rate equal to 0.5/h (18 and 6 false detections
for the patients, and controls, respectively.

To the best of our knowledge, we used the most diverse set
of CAE/JAE EEGs (37 h of recordings from 64 patients) for
development and testing. The overlap of automatically detected
seizures with the actual seizures was high (about 96%). The poor
overlap in some patients is predominantly caused by a very small
amplitude of the epileptic spikes. Consequently, the detector does
not classify such SWD trains as absence seizures. At the end of
the seizure, the frequency of SWDs can decrease far below the
canonical value of 3 Hz. In this case, the slow-wave envelope is
shorter than expected. The frequency drop during the seizure
leads to its sfragmentation.

For EEG recordings sampled at 250 Hz, the one-channel
processing speed for midrange smartphones running Android
10 was high enough (about 0.2 s per 1 min of EEG) for real-
time seizure detection. We found that the detection accuracy was
highest for a sliding 30 s EEG buffer, which was shifted by 10s.

Absence seizure manifestations are mild compared to other
epileptic syndromes. Consequently, the rationale for using
seizure detectors in CAE/JAE patients is different. Emphasis
may be shifted from detection alerts to the facilitation of drug
titration and side effects elimination. Unobtrusiveness and ease
of use are particularly important for pediatric patients, who may
be more willing to tolerate regular EEG measurements if they
are 'anorporated into daily routines such as watching cartoons,
playing mobile games, or listening to music.

It is worth pointing out that remote seizure monitoring will be
one of the elements of personalized CAE/JAE treatment. There is
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1 SUPPLEMENTARY DATA

Supplementary Listing L.1. Matlab function that calculates the Complex Morlet continuous wavelet
transform.

function [cwtm]=cmorletCWT (signal, avec,dt, fc)
calculates complex Morlet continuous wavelet transform (cwt)

o o of

signal is the input vector

avec is the vector filled with the scales for which cwt is calculated
dt is sampling period of the signal

fc is the center frequency of the complex Morlet wavelet

o o oo

N=length(signal);
Nas=length (avec) ;

$%FFT of signal

dfF=1/ (N=dt) ;

fftx=fft (signal);

ff=(-(length(fftx)/2): (length(fftx)/2-1)) =dfF;
waveletMatrix = zeros(Nas,numel (ff));
fecon=(pi~0.25)* (270.5);

%$%FFT of wavelet

for i=1:Nas
fftWavelet=sqrt (avec (i) ) *fconxexp (-0.5% ( ((2*pi) = ((avec (1) +xff-fc)))."2));
waveletMatrix (i, :)=ifftshift (fftWavelet);

end

fftSigMatrix=repmat (fftx,Nas,1);

combinedMatrix=fftSigMatrix.+waveletMatrix;

cwtm=ifft (combinedMatrix, [],2);

end
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Table S1. Seizure detection performance for the learning dataset. The absence characteristics are shown in the first four columns. The column labels are as
follows: EEGD (EEG duration), NABS (numbers of absences), ADABS (average duration of absence), DET (number of detected seizures — true positives),
OVR (overlap of the detected seizures with the actual ones), FDET (number of false detections — false positives), PERR (the percentage of false positive
samples in a given EEG).

ID EEGD NABS ADABS DET OVR FDET PERR
[-] [s] (-] [s] (-1 [%e] [-] [%]

1 (CAE) 1800 6 10.50 6 100.00 0 0.51
2(CAE) 1800 5 13.20 5 100.00 0 1.01
3(CAE) 1920 10 10.33 10 99.22 1 2.07
4 (CAE) 3000 8 15.75 8 86.23 0 0.96
5(CAE) 1800 11 11.00 11 100.00 0 1.93
6 (CAE) 3600 6 11.33 6 100.00 0 0.56
7(CAE) 3300 2 13.50 2 100.00 0 0.15
8 (CAE) 1200 3 15.67 3 100.00 0 0.82
9 (CAE) 3600 7 15.00 7 98.90 1 0.54
10 (CAE) 2100 5 5.33 5 99.91 0 0.56
11 (CAE) 2400 5 8.75 5 98.91 1 0.84
12 (CAE) 2460 10 12.22 10 100.00 0 1.11
13 (CAE) 2100 3 14.33 3 100.00 1 0.43
14 (CAE) 730 2 7.67 2 100.00 0 0.39
15 (CAE) 2100 9 14.11 9 94.99 0 0.39
16 (CAE) 1020 1 5.00 1 100.00 0 0.23
17 (CAE) 1560 3 16.00 3 100.00 1 0.63
18 (CAE) 1200 5 23.20 5 99.94 0 1.20
19 (CAE) 1500 7 9.29 7 100.00 4 2.24
20 (CAE) 1800 2 4.33 2 90.62 2 0.76
21 (CAE) 1010 2 12.50 2 100.00 0 0.54
22(CAE) 1240 7 16.86 7 99.88 0 1.48
23(JAE) 1510 2 9.00 2 100.00 0 0.38
24 (JAE) 3200 6 14.19 6 70.23 5 1.52
25(JAE) 1510 2 9.70 2 100.00 0 0.25
26 (JAE) 1802 3 13.30 3 100.00 0 0.16
27(JAE) 2402 10 11.21 9 81.93 1 0.64
28 (JAE) 3380 8 13.43 8 100.00 2 1.08
29(JAE) 3540 11 16.70 11 99.44 0 1.33
30(JAE) 3000 8 12.44 8 100.00 0 1.13
31 JAE) 3600 5 12.18 + 91.83 0 0.29
32(JAE) 1800 17 14.02 16 95.73 0 3.46
33(JAE) 3780 4 9.80 + 100.00 0 0.82
34 (JAE) 3660 4 14.25 + 100.00 0 0.22
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Table S2. Seizure detection performance for the testing dataset. The absence characteristics are shown in the first four columns. The column labels are as
follows: EEGD (EEG duration), NABS (numbers of absences), ADABS (average duration of absence), DET (number of detected seizure — true positives),
OVR (overlap of the detected seizures with the actual ones), FDET (number of false detections — false positives), PERR (the percentage of false positive
samples in a given EEG).

ID EEGD NABS ADABS DET OVR FDET PERR

[-] [s] [-] [s] (-1 [%] [-] [%]
35(CAE) 2700 4 12.25 3 68.09 0 0.12
36 (CAE) 3600 8 14.75 8 85.56 0 0.12
37(CAE) 2700 14 11.14 14 99.66 1 1.00
38 (CAE) 2100 12 13.56 12 99.92 1 1.77
39 (CAE) 1020 3 19.67 3 100.00 0 0.55
40 (CAE) 1920 7 9.29 7 99.81 0 1.08
41 (CAE) 3640 3 11.00 3 100.00 1 0.94
42 (CAE) 1515 5 12.80 5 100.00 0 0.93
43 (CAE) 3010 16 6.36 14 9291 2 1.07
44 (CAE) 2280 4 8.80 -+ 100.00 0 0.30
45 (CAE) 1970 12 7.00 12 90.72 0 1.94
46 (CAE) 2460 11 17.20 9 94.99 0 0.44
47 (CAE) 1360 2 13.50 2 100.00 0 0.87
48 (CAE) 1330 3 18.86 3 99.32 0 0.91
49 (CAE) 1300 6 6.80 6 98.39 0 2.30
50 (JAE) 1260 3 10.47 3 100.00 0 0.90
51 (JAE) 2050 1 8.50 1 100.00 1 0.27
52 (JAE) 920 1 8.70 1 100.00 0 0.12
53 (JAE) 1130 1 5.00 1 100.00 0 0.15
54 (JAE) 1290 4 8.22 -+ 100.00 0 0.77
55 (JAE) 1260 6 6.58 5 85.27 0 0.87
56 (JAE) 2100 2 10.70 2 99.48 0 0.15
57 (JAE) 2225 6 17.10 6 100.00 0 0.81
58 (JAE) 1200 7 13.80 7 84.36 0 3.05
59 (JAE) 1861 18 3.75 18 83.33 0 1.16
60 (JAE) 2340 4 13.25 -+ 100.00 0 1.08
61 (JAE) 2520 1 7.00 1 100.00 0 0.03
62 (JAE) 1460 3 35.67 3 55.99 0 1.96
63 (JAE) 1370 5 13.60 5 100.00 0 0.79
64 JAE) 1360 5 8.93 5 99.17 1 0.82

Table 83. The amplitude and wavelet variance checks’ contributions to false detection reduction. We present the number of false detections (in the learning
and testing datasets) with the checks turned on (+) or off (-).

Fpr =13 Fpa =1}
Amplitude check - + - + - + - +
Variance check - - + + - - + +
False Detections 102 89 53 15 152 105 58 19

PERR [%]

1.02 087 085 0.71

1.01 0.86 0.80 0.67
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Table S4. Execution times for the Matlab and Java implementations of the absence seizure detector. We benchmarked the implementations for three EEG
segment lengths. The mean values were calculated using the first 10 EEG recordings of the training dataset (Table S1). For the sampling frequency equal to
250 Hz, the segment length N = 2% corresponds to 17 min of EEG.

Matlab 2018a Win 10 |  Java Win 10 |  Android 10
N 216 217 218 216 217 218 216 217 218

Mean [s] 0.04 0.11 0.18 236 250 279 0.86 1.60 3.41
Std [s] 001 0.02 0.02 068 0.74 0.62 007 007 0.12

42



10. Publikacja 3 — EEG phase synchronization during absence

seizures

Ostatnia publikacja prezentuje zmiany synchronizacji EEG podczas napadoéw
nieswiadomos$ci. Wykorzystujac synchronizacj¢ mocy falkowej w pasmie beta oraz
znormalizowang amplitud¢ sygnatu EEG mozliwym jest nie tylko wykrywa¢ napady
nie§wiadomosci, ale rowniez okre$la¢ ich dezorganizacj¢. Proponowany algorytm
detekcji jest przystosowany do pracy w strumieniu danych. Wedlug naszej wiedzy
prezentowany W niniejszej pracy sposob opisu fragmentacji napadoéw jest pierwsza
jakosciowa charakterystyka napadoéw nieswiadomosci. Dezorganizacja, ktora moze
by¢ cecha szczegdlng u dzieci z JAE, moze by¢é wykorzystana do diagnozy
réznicowe;j.

Moj wkiad do tej pracy (60%) nie zmienit si¢ w stosunku do poprzednich
dwach publikacji.
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Absence seizures—generalized rhythmic spike-and-wave discharges (SWDs) are
the defining property of childhood (CAE) and juvenile (JAE) absence epilepsies.
Such seizures are the most compelling examples of pathological neuronal
hypersynchrony. All the absence detection algorithms proposed so far have been
derived from the properties of individual SWDs. In this work, we investigate EEG
phase synchronization in patients with CAE/JAE and healthy subjects to explore
the possibility of using the wavelet phase synchronization index to detect seizures
and quantify their disorganization (fragmentation). The overlap of the ictal and
interictal probability density functions was high enough to preclude effective
seizure detection based solely on changes in EEG synchronization. We used a
machine learning classifier with the phase synchronization index (calculated for
1 s data segments with 0.5 s overlap) and the normalized amplitude as features
to detect generalized SWDs. Using 19 channels (10-20 setup), we identified
99.2% of absences. However, the overlap of the segments classified as ictal with
seizures was only 83%. The analysis showed that seizures were disorganized
in approximately half of the 65 subjects. On average, generalized SWDs lasted
about 80% of the duration of abnormal EEG activity. The disruption of the ictal
rhythm can manifest itself as the disappearance of epileptic spikes (with high-
amplitude delta waves persisting), transient cessation of epileptic discharges, or
loss of global synchronization. The detector can analyze a real-time data stream.
Its performance is good for a six-channel setup (Fpl, Fp2, F7, F8, O1, O2), which
can be implemented as an unobtrusive EEG headband. False detections are rare
for controls and young adults (0.03% and 0.02%, respectively). In patients, they
are more frequent (0.5%), but in approximately 82% cases, classification errors
are caused by short epileptiform discharges. Most importantly, the proposed
detector can be applied to parts of EEG with abnormal EEG activity to quantitatively
determine seizure fragmentation. This property is important because a previous
study reported that the probability of disorganized discharges is eight times
higher in JAE than in CAE. Future research must establish whether seizure
properties (frequency, length, fragmentation, etc.) and clinical characteristics can
help distinguish CAE and JAE.

KEYWORDS

epilepsy, absence seizure, synchronization, wavelets, seizure detection, childhood
absence epilepsy, juvenile absence epilepsy, seizure fragmentation
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1. Introduction

Idiopathic generalized epilepsies (IGEs) are a subgroup
of genetic generalized epilepsies (GGEs), composed of four
syndromes: childhood absence epilepsy (CAE), juvenile absence
epilepsy (JAE), juvenile myoclonic epilepsy (JME), and epilepsy
with generalized tonic-clonic seizures alone (GTCA) (Hirsch et al.,
2022). Absence seizures—generalized rhythmic (2.5-5.5 Hz) spike-
and-wave discharges are the defining property of CAE and JAE.
They can also be observed in about 33% of patients with JME.

CAE starts in otherwise normal children between 4 and 10 years
of age and is more common in girls (60 to 75% of cases). It accounts
for approximately 18% of epilepsy in school-aged children. Typical
absence seizures begin suddenly and, in most children, lead to a
deep loss of awareness and interruption of previously conducted
activity. Seizures can be accompanied by staring, loss of facial
expression, oral/manual automatism, blinking, or eye opening.
Return to regular activity seems immediate, although children may
initially be confused as they reorient themselves. The duration of
seizures, which can occur multiple times a day, typically varies
between 3 and 20 s, with a median of 10 s. CAE relapses in early
adolescence in 60% of patients. In the rest, the disease can evolve
into other IGE syndromes.

JAE is less common than CAE, accounting for 2.4-3.1% of
new-onset epilepsy in children and adolescents, with a nearly
equal distribution between men and women. However, it may be
underdiagnosed as absences are less frequent (less than daily) and
more subtle (less complete impairment of awareness). The age of
onset is 12 + 3 years (Asadi-Pooya et al., 2013). The ictal EEG
is similar in CAE and JAE. However, disorganized (fragmented)
discharges, defined as brief (<1 s) and transient interruptions in
the ictal rhythm, are eight times more frequent in JAE (Sadleir
et al, 2009). In most patients with JAE, lifelong seizure control
pharmacotherapy is required.

The diagnosis of IGE requires the analysis of long video EEGs
(on average about 30 min long) to detect seizures, their clinical
manifestations (consciousness impairment, motor symptoms) and
abnormal features in the interictal EEG. The 2010 Childhood
Absence Epilepsy Study (Glauser et al.,, 2013) showed that after 1
year, the initial seizure-control pharmacotherapy was effective only
in 37% of patients with CAE and JAE. Therefore, follow-up EEG
recordings are necessary to ensure treatment efficacy and minimize
potential side effects. It should be noted that parents notice only a
small fraction (approximately 6%) of absences (Keilson et al., 1987),
the estimate corroborated by a more recent study (Akman et al.,
2009).

Low-cost portable EEG devices connected to the Internet
(Krigolson et al, 2017) can be instrumental in personalizing
pediatric epilepsy management. Children and adolescents may be
more willing to tolerate regular EEG measurements if incorporated
into daily routines, such as watching cartoons, playing mobile
games, or listening to music. The potential benefits of remote long-
term EEG monitoring include facilitation of diagnosis, personalized
drug titration, and determining the duration of pharmacotherapy.
Consequently, there is a strong demand for fast and accurate
computer seizure detection that can be used on devices with
as few EEG channels as possible. Global synchronization is the
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most conspicuous property of EEG dynamics during absence
seizure. However, all the absence detection algorithms proposed
so far (Adeli et al, 2003; Subasi, 2007; Sitnikova et al., 2009;
Ovchinnikov et al., 2010; Xanthopoulos et al., 2010; Petersen et al.,
2011; Duun-Henriksen et al., 2012; Bauquier et al., 2015; Zeng
et al,, 2016; Grubov et al., 2017; Kjaer et al., 2017; Tenneti and
Vaidyanathan, 2018; Dan et al., 2020; Glaba et al., 2021; Japaridze
et al,, 2022) exploit only the properties of SWD complexes. In
this work, we investigate EEG phase synchronization in patients
with CAE/JAE and healthy subjects to explore the possibility
of using the phase synchronization index to detect seizures and
characterize their disorganization. The qualitative assessment of
absence fragmentation could be used to discriminate between CAE
and JAE, an important clinical problem.

2. Materials and methods
2.1. EEG recordings

The data set used in our previous study (Glaba et al., 2021) was
slightly modified and expanded by routine EEG of healthy young
adults (12 women and 7 men, mean age 22 years, range 20-24
years). For these adults, the EEG was recorded for 8 min, the first
half in closed eyes and the second in open eyes condition. The
recordings were made with Elmiko Digitrack (BRAINTRONICS
B.V.1SO-1032CE amplifier, 250 Hz sampling frequency, impedance
below 5k2). The ethics committee of the Warsaw Institute of
Psychiatry and Neurology approved the reanalysis of the data.
Subjects gave their informed consent.

The ethics committee of Wroclaw Medical University approved
a retrospective analysis of routine anonymized video EEG
recordings of patients (36 with CAE and 29 with JAE) as well as
30 EEGs of controls of the same age (Glaba et al., 2021). Epilepsy
syndrome was established based on age of onset, the properties of
the first video-EEG, and neuroimaging. Consequently, diagnosis
should be considered as preliminary. EEGs were acquired with
Elmiko Digitrack (BRAINTRONICS B.V. ISO-1032CE amplifier)
or Grass Comet Plus EEG (AS40-PLUS amplifier) using a sampling
frequency of 200 or 250 Hz. The international 10-20 standard was
used to arrange 19 Ag/AgCl electrodes (impedance below 5k2).
The total duration of the EEG was equal to 37 and 9 h for the
patients and controls, respectively.

All EEGs were acquired with the reference electrode mounted
on the subject’s forehead.

We used two filters for EEG preprocessing: a second-
order infinite impulse response (IIR) and a 6th-order high-pass
Butterworth with a cutoff frequency of 0.5 Hz. These filters remove
50-Hz power line noise and EEG baseline drift, respectively.

2.2. Synchronization matrix

We quantify the EEG synchronization using a matrix made
up of pairwise frequency-dependent synchronization coefficients
y(k,1) calculated for EEG channels k and I (k,] = 1..19). y(k,])
can be defined with the help of the complex continuous wavelet
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transform (CWT) (Lachaux et al., 1999):

too _
Tls)(a ty) = J%f s (' a'“) dt (1)

which is the convelution of the signal s(t) with wavelets ¥ (a, tg).
Such wavelets are generated from the mother function v by
translation and scaling: ¥ (a,to) = P (t — fo/a) (Mallat, 1999).
Motivated by the results of the previous study (Glaba et al., 2021),
we used the complex Morlet wavelet (Addison, 2017, 2018):

1 it 12
wmzmemﬁe /2 (2)

whose Fourier transform v/ (f) is given by
() = V2 me U, ®)

The real parameter f; is called the center frequency, since it
equals the maximum point of the wavelet’s Fourier power spectrum.
The scale a corresponds to the following pseudo-frequency:

=t @
The instantaneous phase of a signal s can be defined as
. Tsl(a, to)
(to, fa) = —ilo; [7] (5)
Pl & LTSl o)

where i is an imaginary number. The distribution P[A¢ (k. [)] of
the phase difference A¢(k,l) = ¢y, — ¢ can be used to characterize
the synchronization between two EEG channels. A uniform
distribution corresponds to the absence of synchronization
(two signals are statistically independent). In contrast, a well-
pronounced peak in the distribution is a manifestation of phase
locking, which means that one time series tracks the dynamics of
the other. The stability of the phase difference A¢ is quantified with
the index y(k, ) (Quiroga et al., 2002; Latka et al., 2005)

y (k1) = (sin Ag(k,D)* + (cos Agp(k, D). (6)

The angle brackets in the above equation denote the temporal
average of the phase-difference fluctuations. The synchronization
index can have values between 0 and 1, and in the case of
human EEG, it is frequency dependent. When the distribution
of phase differences is uniform, the time averages of both
trigonometric functions in Equation (6) are zero which in
turn makes the synchronization index equal to zero. From the
trigonometric identity, it follows that y = 1 corresponds to perfect
synchronization (phase locking of two EEG channels).

The average synchronization index y is the average value of the
non-diagonal elements of the synchronization matrix:

y=73. 3 vk @)

keSy leSy k=1

where Sy denotes subsets of 10-20 channels. We calculate y for
all 19 channels (N = 19) and for three subsets (N < 19):

o Sy (Fpl, Fp2, T5, T6)
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o S (Fpl, Fp2, F7,F8,01,02)
« S (Fpl, Fp2, 7, F8, F3, F4, P3, P4, T5, T6, O1, 02).

The electrode arrangement in the above subsets is similar,
but not always identical, to the low-cost EEG headsets currently
available on the market (Pu et al., 2021). The applicability of such
headsets to home monitoring of pediatric patients was the main
reason for testing different Sy.

The channel synchronization index is defined as follows:

y = 3 ylkD. ®)

kJeSn k=1

We calculate phase synchronization for 1-s intervals using
a half-second overlap. We use the overlap to simulate live data
stream analysis. For patients, there were 7,270 ictal and 266,653
interictal data segments. 1,540 windows partially overlapped
absence seizures. The partitioning of the controls’ EEG yielded
58,460 segments. For students, we obtained the 9,064 and 9,121
intervals for closed and open eyes, respectively.

The value of the synchronization index y depends on the center
frequency of the Morlet wavelet f,. and the pseudofrequency f,. We
use a grid search to determine optimal values for absence detection.
In particular, we search for f. and f; that maximize the difference
between ictal and interictal synchronization.

We would like to emphasize that the synchronization properties
depend on the choice of reference electrode (Dominguez et al.,
2005).

In this work, we used short EEG data segments. Consequently,
when calculating the CWT with the help of a fast Fourier transform,
boundary effects must be considered.

2.3. Absence seizure classifier

Prominent SWD and global EEG synchronization are
hallmarks of absence seizures (Figure 1). Therefore, we decided to
detect seizures using the normalized amplitude of the EEG Al
and the synchronization index y,, as machine learning features.
The former is defined as

Am

Al — ,
" Aref

)]

where A, is the average absolute value of the EEG signal
in segment m (we average across all channels). A, is the mean
absolute value calculated for the 30 s segment taken from the
interictal beginning of the EEG recording. Normalization by A,
was necessary because the amplitude of EEG in children can
decrease significantly with age and depends on the impedance of
the electrodes.

We use the k-nearest neighbor (k-NN) classifier implemented
in Matlab R2022a (MATLAB, 2022) Machine Learning Toolbox
for absence detection. We accept the default values of the
model parameters (10 neighbors, the Euclidean distance, data
point scaling, and no weighting function). We employ leave-one-
out cross-validation (LOOCV)—the number of folds equals the
number of patients (65). For each patient, k-NN is built using the
features extracted from the other 64 patients and applied to their
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FIGURE 1

(A) Archetype of high-amplitude, continuous generalized spike and wave discharges with prominent epileptic spikes. The absence seizure in (B) is
briefly interrupted two times. Panels (C, D) show the EEG from Cz channel (top panel) as well as the corresponding time series of the wavelet power
(middle panel) and the global synchronization index (bottom panel). The wavelet power and synchronization index were calculated using fe = 1 Hz
and f, = 12 Hz. These case studies demonstrate that global synchronization decreases when epileptic activity subsides.

segmented EEG (1 s windows with 0.5 s overlap). We prepare the
training set as follows. We select only those ictal windows whose
mean y is greater than a threshold determined from the interictal
synchronization distribution. In particular, for this threshold, 95%
of interictal segments have a smaller mean y. We disregard all data
windows that partially overlap absence seizures. The sets of ictal
and interictal segments are highly unbalanced (7,270 vs. 266,653).
Therefore, we randomly select only a small fraction of the interictal
segments for the training set. We use the 1:3 ratio of the ictal and
interictal windows.

We evaluated the performance of the detector in the same way
as in our previous article (Glaba et al., 2021) using the relative
overlap (OVR) of segments classified as ictal with absence seizures
and relative duration of false positives (PERR). During the PERR
computation, we apply the logical OR function to determine the
status of the common part of two consecutive EEG data segments.
In other words, the common part is ictal if any segment is ictal. We
also report the number of false positives (FP) and the number of
different trains of misclassified segments (MT).

Supplementary Figure 1 elucidates the relationship between
the number of erroneously classified EEG segments and PERR.

Frontiers in Neuroinformatics

For overlapping segments, this relationship can sometimes be
counterintuitive.

Short (<2 s) epileptiform discharges, quite common in patients
with CAE/JAE, usually do not produce clinical manifestations
(Szaflarski et al., 2010). Therefore, we also tested the possibility
of reducing the number of false positives by post-processing
the k-NN classification results. In particular, we labeled any
isolated ictal segment as non-ictal. In other words, the shortest
possible ictal interval can have a length of 1.5 s (two consecutive
segments).

2.4. Seizure fragmentation

We apply the absence detector described in Section
2.3 (with the post-processing turned off) to the parts of
the EEG marked by neurologists as abnormal activity.
Then, we calculate the percentage overlap of the segments
classified as ictal with the analyzed fragment. As before, the
common part of the adjacent segments is considered ictal if
at least one of the segments is ictal. Seizure fragmentation
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is defined as

SFRAG = 100% — OVR. (10)

3. Results

3.1. Synchronization

When calculating y, we used i = 1 Hz and f; = 12
Hz. For these values, the percentage difference between ictal and
interictal synchronization was highest (168%). In the same vein, we
determined these parameters for each patient. The median values
were similar: f- = 0.8 Hz and f; = 13 Hz. Supplementary Figures 2,
3 elucidate the determination of the wavelet parameters.

Figure 1A shows an archetypal absence seizure with continuous
high-amplitude generalized SWDs. In contrast, the seizure in
Figure 1B was briefly interrupted twice. For both absences, for the
chosen f; and f,, the power |T|* peaks at the location of epileptic
spikes (Figures 1C, D). It is apparent that wavelet power and
global synchronization are low when epileptic activity subsides. In
Figure 2, we compare the ictal synchronization matrices calculated
for the EEG segments presented in Figures 14, B.

Figures 3A, B show that y increases at the beginning and on
average gradually subsides towards the end of the seizure. For the
eight types of data segments (labeled from 0 to 7) presented in these
figures, the average ¥ was equal to 0.28 £ 0.09, 0.46 £ 0.17, 0.62 +
0.19,0.7940.18,0.75+0.19,0.58 £ 0.19, 0.44+0.16, 0.36 £ 0.12. ¢
in ictal segments (1 to 7) was significantly higher than the interictal
baseline 0.28 4 0.09 (p < 0.0001 for the Mann-Whitney test).

The probability density function (PDF) of y for the interictal
and ictal segments strongly overlaps. In Figure 3C, PDF was
calculated using global synchronization for the 19 channels (S;9)
while Figure 3D shows PDF for the four-channel subset S5 (Fp1,
Fp2, T5, T6). The cut-off value for which 95% of the interictal
segments had smaller synchronization was equal to 0.49, 0.65, 0.45,
and 0.48 for Sy9, S12, S, and S, respectively.

3.2. Seizure detection

We detected absences with the k-NN classifier using
synchronization and normalized amplitude
Supplementary Table 1 shows that the accuracy of other classifiers,
such as neural networks or decision trees, is comparable. In actual
implementations, these classifiers would be preferable because they
do not require the attachment of training samples (feature vectors
with the corresponding labels). We chose k-NN because of its short
training time, which speeds up cross-validation.

Figure 4 elucidates the building of a seizure detector for patient
P1, who had six absences with a mean duration of 10.5 s. One

as features.

of the absences of P1 is presented in Figure 1A. The training set
was created using data from the other 64 patients using the 19
channels (819) or the four-channel subset Si. The scatter plots
in Figures 4A, C show the spread of the synchronization and the
normalized amplitude for §,¢ and S, respectively. Patient P1’s EEG
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was partitioned into 3,598 windows. 108 were fully embedded in
the seizures, while 24 partially overlapped them. Please note that for
testing purposes, we consider any data segment that even partially
overlaps a seizure as ictal. Of the 132 ictal windows, 14 (FN =
10.6%) and 17 (FN = 12.9%) were misclassified for Sj9 and Si,
respectively. For both subsets, all 3,464 interictal segments were
correctly labeled.

Supplementary Figure 4 shows the construction of a seizure
detector for patient P18. One of his absences is presented in
Figure 1B.

The overlap OVR was the largest for §,9 (82.90 + 20.83%) and
the smallest for Sy (69.31 + 25.09%) (Table 1). For S;9, PERR was
equal to 0.87 &+ 1.23%, 0.12 £ 0.26%, 0.07 £ 0.14% for patients,
controls, and young adults, respectively. The corresponding values
for S; were 0.68 + 1.32%, 0.03 4 0.07%, and 0.02 =+ 0.06%.

The false detection rate of the patients was five times higher
than that of controls (0.5 vs. 0.1%) for S;9 setup (Table 1). For
smaller subsets, the detector performance was markedly better.
For Sg, the false detection rate was equal to 0.5, 0.03, and 0.04%
for patients, controls, and young adults, respectively. Comparison
of the number of distinct trains of misclassified segments with
the number of false positives reveals that parts of the EEG
marked incorrectly as ictal are, on average, shorter than 2 s. We
found by visual inspection that about 82% of the false positives
were caused by short epileptiform discharges, which are quite
common in epilepsy patients and rare in controls and young
adults. The EEG artifacts comprise the rest: 7% were caused
by spike-like high-amplitude artifacts and 7% by artifacts of
more complicated morphology. The seizure detection performance
for each patient is presented in Supplementary Table 2. The
post-processing cuts approximately in half the number of FP
(Table 1).

For two patients, P1 and P18, we built the detector for different
combinations of wavelet parameters f. and f,. OVR, PERR, and FP
for these calculations are presented in Supplementary Tables 3, 4.
The results show that the detector performance is weakly affected
by small changes in the wavelet parameters. For example, for P1,
the grid search yielded f, = 0.8 Hzand f, = 10 Hz. For these values
OVR = 99.17%, PERR = 0.30%, and FP = 1. For the standard
parameters f, = 1.0 Hz and f, = 12 Hz (used for all subjects),
we obtained OVR = 99.15%, PERR = 0.22%, and FP = 0. For
P1, for 10 runs, we obtained the following average values: OVR =
99.16 + 0.00%, PERR = 0.22 + 0.01, and FP = 1 + 0. For P18, the
corresponding values were equal to 98.38 £0.15%, 1.25 £ 0.02, and
FP=33%x1

Supplementary Table 5 shows the group average characteristics
of seizure detection for different combinations of wavelet
parameters. There are a number of combinations (e.g., f, = 11
Hzand fi = 1 Hz or f, = 14 Hz and f, = 1.4 Hz) for which
the detection performance is comparable (the trade-off between
the overlap and the number of false positives) with f, = 12
Hz and f. = 1 Hz used in this study. We chose the latter
parameters because they have a clear physical interpretation (the
difference between interictal and ictal synchronization is highest)
and the number of false positives for the controls is acceptable
(Supplementary Table 6).
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These seizures are shown in Figure 1

3.3. Seizure fragmentation

In Figure 5, we compare the EEG dynamics with the classifier
output (detection function). SWDs do not emerge simultaneously
from the background EEG in all channels. At the end of the
seizure, ictal activity gradually subsides: epileptic spikes disappear,
the amplitude of the EEG decreases, and global synchronization is
lost. However, the initial and final transients were very short (< 0.5
s), and consequently, the first and last segments were classified as
ictal. Two segments during which the ictal rhythm was interrupted
were correctly identified. For the absence seizure presented, SFRAG
was equal to 6.4%. Two EEG intervals in Figure 5 were marked
blue to draw attention to the limitations of fragmentation analysis.
First, seizure disorganizalions shorter than 0.5 s are, in most cases,
undetected. Second, the duration of the disorganization can be
underestimated because of the size of the data window used to
calculate the synchronization.

We analyzed all EEG segments classified as noictal that were
fully embedded in seizures to find that in approximately 98% of
these segments, seizure activity was disorganized or SWDs were
simply absent. The other 2% contained artifacts.

For S19 set-up, the group-averaged SFRAG was equal to 20 £
24%. For 46 patients (71%), the average fragmentation of seizures
was less than 25% (Figure 6A). Of the 385 absences, 280 (73%)
had SFRAG smaller than 25% (Figure 6B). Disorganization did not
occur in 120 cases. For such seizures, SFRAG < 5%.

SFRAG was equal to 18 & 24%, 24 =+ 26%, and 30 3-29% for S5,
Se, and Sy, respectively.

4. Discussion

An epileptic seizure is “a transient occurrence of signs and/or
symptoms due to abnormal excessive or synchronous neuronal
activity in the brain” (Fisher et al, 2005). Childhood and
juvenile absences are the most compelling examples of pathological
neuronal synchrony. Interestingly enough, all the absence detection
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algorithms proposed so far (Adeli et al, 2003; Subasi, 2007;
Sitnikova et al., 2009; Ovchinnikov et al., 2010; Xanthopoulos et al.,

2010; Petersen et al., 2011; Duun-Henriksen et al., 2012; Bauquier
et al,, 2015; Zeng et al.,, 2016; Grubov et al., 2017; Kjaer et al.,
2017; Tenneti and Vaidyanathan, 2018; Dan et al.,, 2020; Glaba
et al., 2021; Japaridze et al., 2022) have been derived from the

properties of individual SWD complexes. Figures 3C, D provide
an explanation, the overlap of the ictal and interictal probability
density functions is so large that it precludes seizure detection based
solely on changes in EEG synchronization. This conclusion agrees
with previous studies on epileptic synchronization (Altenburg et al.,
2003; Slooter et al., 2006).

This paper used the phase-synchronization index and the
normalized amplitude as classification features. False detections
are rare in controls and young adults. Although the PERR for the
patients (0.55% for Sg) was even lower than that of the detector
we had presented earlier (Glaba et al., 2021), the false detection
rate per hour (8/h) was an order of magnitude higher. However,
visual inspection of the EEG showed that 82% of the false positives
corresponded to epileptiform discharges.

Of 385 absences, all but three were identified (accuracy (99.2%).
Misclassified seizures were highly disorganized. The group-average
overlap of EEG segments classified as ictal with seizures never
exceeded 83%. There are two reasons for such a low value. The first
is trivial, since we calculate y for 1-s sliding windows. For windows
that only partially cover the absences, y is inevitably lower, which
can lead to errors. The second reason is more fundamental and
can be traced back to the disorganization of absences. Non-ictal
classification within abnormal EEG activity was always associated
with such disorganization. Apart from the segments that partially
overlap seizures, we did not find a convincing example of a false
negative.

The detection algorithm employs short data segments, making
it suitable for real-time EEG analysis as several algorithms
described previously (Xanthopoulos et al., 2010; Petersen et al.,
2011; Duun-Henriksen et al., 2012; Kjaer et al., 2017; Dan et al.,

20205 Japaridze et al,, 2022). It is computationally more expensive
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FIGURE 3
EEG synchronization during absence seizures. (A) Topographic map of channel synchronization (cohort average) for all interictal segments (0), the
first window that partially overlaps seizures (1), the second partially overlapping (2), the first fully embedded in the seizure (3), all embedded without
the first and last (4), the last embedded (5), the last but one overlapping (6) and last overlapping (7). (B) Global synchronization boxplots for data
segments 0-7 (segments from all patients were used). (C, D) Probability density function (PDF) of the average synchronization index for the 19
channels (S19) and the four-channel subset Sz (Fp1, Fp2, TS, T6), respectively. One can see that global synchronization is high during seizures and
that there is a strong overlap of the interictal and ictal distributions of the synchronization index.

than those derived from the properties of SWDs. This drawback
is largely irrelevant today, except for portable EEGs with severely
limited computing power. It should be noted that while the
spectral and amplitude properties of EEG change significantly
during maturation (Schomer and da Silva, 2018), the detector
works equally well in children, juveniles, and young adults. The
classification accuracy is good for a six-channel setup (Fp1, Fp2,
F7, F8, Ol, 02), which can be implemented as an unobtrusive
EEG headband—a crucial requirement from the point of view of
pediatric applications.

In the previous paper (Glaba et al, 2021), we used a delta
frequency envelope to identify abnormal EEG activity. However,
to detect absence seizures, we had to use two arbitrarily chosen
heuristic criteria. First, we checked whether there were epileptic
spikes in the envelope by calculating the percentage of EEG samples
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for which the beta wavelet power was greater than the threshold
value. Second, if the envelope was shorter than 5 s, we also
calculated the variance of the beta wavelet power. Although this
algorithm was very fast and worked well, the approach presented
here is not only more elegant, but it also allows quantifying seizure
fragmentation.

The proposed detector cannot determine the fragmentation
of the seizure in the live data stream. This can only be
accomplished retrospectively when the detector (with post-
processing turned off) is applied to EEG segments with abnormal
EEG activity. Such segments can be marked by a neurologist
or by building a delta wave envelope as demonstrated in Glaba
et al. (2021). To our knowledge, we present the first qualitative
characterization of absence seizure fragmentation. The analysis
showed that seizures were disorganized in approximately half
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Example of building a k-NN seizure detector with the leave-one-out cross-validation (LOOCV) for patient P1. We used the global synchronization
index and mean normalized EEG amplitude as the features. The learning set comprised randomly chosen interictal and segments fully embedded in
absences with average synchronization greater than the cut-off value. We used 3:1 ratio of interictal to ictal windows. Panels (A, C) show the spread
of the data generated for all 19 channels of 10-20 EEG setup (S;g) and the subset S, (channels Fpl, Fp2, T5, and T6), respectively. The confusion
matrices in (B, D) show the results of 10-fold cross-validation. The classifiers were applied to the segmented EEG of patient P1 (1 s windows with 0.5
s overlap). Panels (E, F) show P1‘s confusion matrices for Sig and S, respectively.
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TABLE 1 Seizure detection characteristics for the 19 channels (Sy5) and three subsets with a smaller number of electrodes.

EEG SETUP OVR [%] PERR (FP, MT) [%, -, -]

(e Y

Synchronization and normalized amplitude

Sio 829 0.87 (1437, 832) 0.12 (44, 32) 0.07 (7, 6) 0.36 (1488, 870)
Si2 78.01 0.71 (1147, 735) 0.23 (77, 58) 0.13 (13, 11) 0.36 (1237, 804)
Se 79.36 | 0.86 (1282, 775) 0.05 (18, 14) 0.04 (4,4) 0.32 (1304, 793)
Sy 69.31 0.68 (1196, 743) 0.03(11,9) 0.02(2,2) 0.25 (1209, 754)

Synchronization and normalized amplitude with post-processing

Sio 80.93 0.57 (985, 381) 0.13(21,9) 0.03 (4,2) 0.24 (1010, 392)
Siz 75.56 0.40 (652, 267) 0.22(35,15) 0.03(4,2) 0.22 (691, 284)
S 76.85 ‘ 0.55 (868, 311) 0.06 (5,2) 0.00 (0, 0) 0.21(873,313)
Ss 65.10 | 0.38 (746, 278) 0.03 (4,2) 0.00 (0,0) 0.13 (750, 280)
‘We used a k-nearest neighbor classifier with the ization index and lized amplitude as the features. The overlap (OVR) of segments classified as ictal with absence seizures and

relative duration of false positives (PERR) are presented for patients (P), controls (C), young adults (Y), and for segments from all cohorts (T). In parentheses, we give the number of distinct
trains of misclassified windows (MT) and false positives (FP). In patients, false detections are predominantly caused by short (< 2 s) epileptiform discharges. Therefore, we also tested the
possibility of reducing the number of false positives by post-processing the k-nearest neighbors classification. In particular, any isolated ictal segment was labeled non-ictal.

= Detection Function 1

FIGURE 5
(A) Seizure from Figure 1B is shown with the leading and trailing interictal segments. (B) The output of the seizure detector. The detection function
equals 1 for the segments classified as ictal and 0 otherwise. The red vertical lines in both subplots delineate the abnormal EEG activity marked by a
neurologist. Note that SWDs do not simultaneously emerge from the background EEG in all channels. At the end of the seizure, ictal activity gradually
subsides: epileptic spikes disappear, the amplitude of the EEG decreases, and global synchronization is lost. The initial and final transients are shorter
than 0.5 s. The detector correctly identified the two interruptions in the ictal rhythm, marked in (A) in red. Two EEG intervals were marked blue to
draw attention to the limitations of fragmentation analysis. Seizure disorganization shorter than about 0.5 s are, in most cases, undetected. Due to
the finite size of the data window used to calculate phase synchronization, the fragmentation can be underestimated.

of the 65 subjects. On average, generalized SWDs lasted about Although CAE and JAE are distinct epilepsy syndromes,
80% of the duration of abnormal EEG activity. The disruption  there is considerable age overlap between them. Consequently,
of the ictal rhythm can manifest itself as the disappearance the diagnosis is not always obvious. This is an important
of epileptic spikes (with high-amplitude delta waves persisting),  clinical problem, as JAE is a lifelong disease. Sadleir et al.
transient (about 1 s) cessation of epileptic discharges, or loss of  reported that disorganized discharges are eight times more
global synchronization. frequent in JAE (Sadleir et al., 2009). For most patients, we
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only had the electroencephalogram recorded before the onset
of pharmacotherapy. Therefore, future research must establish
whether seizure properties (frequency, length, fragmentation, etc.)
and clinical characteristics can distinguish CAE and JAE.

It should be noted that some EEG synchronization properties
are unique to absence seizures. Figure 3B shows that y peaks
at the beginning of the seizure and is approximately twice the
mean interictal value, in agreement with the recent study of
(Zhong et al, 2022). However, Majmundar et al. argue that
for most focal-onset seizures, synchronization occurs toward the
end of the seizure rather than at the time of onset (Majumdar
et al, 2014). Absence seizures exhibit longer-range synchrony
than generalized tonic motor seizures of secondary (symptomatic)
generalized epilepsy or frontal lobe epilepsy (Dominguez et al,
2005).

Epilepsy has historically been perceived as a functional brain
disorder associated with hypersynchronization. Interestingly,
desynchronization can precede seizures (Aarabi et al,
2008; Jiruska et al, 2013; Zeng et al, 2016). Figure3C
shows that the peak of the interictal distribution of yp is
shifted to low values relative to the controls. Therefore, the
question arises of whether this shift is a manifestation of
desynchronization in patients with CAE / JAE. We will present
a detailed analysis of interictal EEG synchronization properties
elsewhere.
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Figure S1: Three theoretical examples elucidate the relationship between the number of erroneously (red)
and correctly (green) classified EEG segments and the relative duration of false positives (PERR). MT
stands for the number of different trains of misclassified EEG segments. The top bar in each subplot shows
the result of classification for 10-s EEG. As in the actual calculations, we used 1 s windows with 0.5 s
overlap in this diagram.
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Figure S2: We performed the grid search to determine the values of the wavelet parameters f. and f,
appropriate for seizure detection. The average value of the synchronization index for the interictal and ictal
segments is shown in (A) and (B), respectively. (C) shows the relative percentage difference (with respect
to the interictal EEG).

25

0.7 08 09 1.0 11 1.2 13 14 15
f [Hz]

10 1" 14 15

12 13
fa[Hz]
Figure S3: Histograms of: (A) f, and (B) f.. The parameters of the complex Morlet wavelets were
determined for each patient in the same way as in the calculations from Fig. S2.
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Figure S4: Example of the building of a k-NN seizure detector with the Leave-One-Out Cross Validation
(LOOCV) for patient P18. We used the global synchronization index and the mean normalized EEG
amplitude as the features. The learning set consisted of randomly chosen interictal segments and segments
fully embedded in absences with average synchronization greater than the cutoff value. We used 3:1 ratio
of interictal to ictal windows. (A) and (C) show the spread of the data generated for all 19 channels of
10-20 EEG setup (S19) and the subset Sy (channels Fpl, Fp2, TS5, and T6), respectively. The confusion
matrices in (B) and (D) show the results of a 10-fold cross-validation. The classifiers were applied to the
segmented EEG of patient P18 (1 s windows with 0.5 s overlap). (E) and (F) show the confusion matrices
of P18 for Sig and Sy, respectively.
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1.2 Tables

Table S1. Comparison of the performance of machine learning classifiers used for absence seizure detection. ACC - accuracy: TCV - total cost of validations
(number of misclassified windows); PS - prediction speed; TT - training time. For each family of classifiers, we averaged performance metrics generated by the
Classification Learner package across different variants.

Class Type ACC[%] TCV[-] PS|[obs/s] TT [s]
Neural Network 98.34 164 188 000 99.2
Nearest Neighbor 98.25 179 94 600 2.60
Decissions Trees 98.23 181 106 000 3.28
SVM 97.68 231 90 500 9.26

Naive Bayes 97.65 290 240 000 1.37
Ensemble 96.66 333 25 400 9.76
Discriminant Analysis 96.30 371 225 000 1.33
Logistic Regression 96.10 384 200 000 271
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Table S2. Seizure detection performance for each patient. Column labels are as follows: NABS (numbers of absences), ADABS (average duration of absence
seizure), DET (number of detected seizures), OVR (overlap of the detected seizures with the actual ones), PERR (the relative duration of false positives), FP
(number of false positives), MT (number of distinct trains of misclassified windows)
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Table S3. Seizure detection characteristics for different combinations of wavelet parameters f, and f.. The overlap (OVR) of the segments classified as ictal
with the absence seizures, the relative duration of false positives (PERR), and the number of false positives (FP) were calculated for patient P1 (all 19 channels
were used). The individual grid search for this patient yielded f. = 1.3 Hz and f, = 15 Hz.

fc [Hz]
0.7 0.8 0.9 1.0
f OVR PERR FP | OVR PERR FP | OVR PERR FP | OVR PERR FP
[Hz] [%] [-] [%] [-] [%] [-] [%] [-]
10 | 98.34 0.28 1 19917 0.30 1 199.17 0.30 1 199.17 0.33 1
11 | 98.34 0.28 1 {99.16 0.28 1 {99.17 0.28 1 [99.17 0.31 1
12 | 98.33 0.22 1 199.16 0.22 1 199.16 0.25 1 [99.15 0.22 0
13 | 9833 0.22 1 {99.16 0.22 1 {99.16 0.22 1 {9999 0.22 0
14 | 97.50 0.22 1 {99.16 0.22 1 {9998 0.22 1 {9999 0.22 0
15 [ 9583 0.20 0 9832 020 0 9832 022 1 [99.15 0.22 1
1.1 1.2 1.3 1.4
10 | 99.17 0.31 1 19999 0.31 1 19999 0.33 1 19999 0.33 1
11 [ 99.17 0.33 1 [99.17 0.33 1 [99.17 0.39 1 [99.17 0.39 1
12 | 99.16 0.22 1 [99.15 0.22 1 19998 0.28 2 19998 0.28 2
13 | 9998 0.22 1 19999 022 1 19999 025 1 {9998 0.25 1
14 | 99.99 0.22 1 {9998 0.22 1 19999 025 2 19999 0.25 1
15 [ 99.15 0.22 1 {9999 0.25 2 199.15 022 1 {99.15 0.22 1

Table S4. Seizure detection characteristics for different combinations of wavelet parameters fq and f.. The overlap (OVR) of the segments classified as ictal
with the absence seizures, the relative duration of false positives (PERR), and the number of false positives (FP) were calculated for patient P18 (all 19 channels
were used). The individual grid search for this patient yielded f. = 1.3 Hz and f, = 15 Hz.

fc [Hz]
0.7 0.8 0.9 1.0
f |OVR PERR FP|OVR PERR FP|OVR PERR FP| OVR PERR FP
[Hz] [%] [-1 [%] [-] [%] [-] [%] [-]

10 1 98.99 091 17 | 9898 1.02 249898 1.00 239931 124 31
11 | 98.65 091 20 (9931 1.00 21 (9932 1.13 279931 124 30
12 {9799 078 19 | 9898 097 239898 1.02 25 /(9815 132 35
13 | 9566 065 16 |9699 085 229799 110 29 |98.65 110 28
14 | 93.00 061 17 (9599 072 19 [96.66 0.87 229732 108 28
15 | 91.01 061 17 | 9499 067 18 |96.00 076 21 |96.99 087 24

11 1.2 1.3 14

10 | 99.65 134 35]99.65 149 40(99.65 150 40(99.65 171 46
11 | 99.65 132 32[99.65 134 35(99.65 1.69 46 |99.65 178 48
12 | 98.99 143 37 (9932 158 449932 1.71 48 (9932 1.69 48
13 98,65 126 34 (98,65 130 36 |98.65 143 39 9832 148 42
14 | 9799 097 24 |9832 1.10 28 |9832 123 31 (9799 124 33
15 | 9832 1.02 26 |98.65 108 28 |98.66 124 339899 128 34
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Table S6. False positives detection characteristics for different combinations of wavelet parameters f, and fc. The relative duration of false positives (PERR),
and the number of false positives (FP) were calculated for all controls (19 channels were used). The values are presented as mean + standard deviation. The grid
search presented in Fig. S2 yielded f. = 1 Hzand f, = 12Hz.

Jfe [Hz]
0.7 0.8 0.9 1

fa PERR FP| PERR FP| PERR FP| PERR FP
[Hz] [%] [-] [%] [-] [%] [-] [%] [-]

10 |012£026 44 |0.15+£026 54 |021+£036 74 |0.24+£039 83
11 | 012£025 40 |016£031 53 |0.17+£031 57 | 022036 72
12 [ 008+£0.14 26 |0.10+£0.17 32 [0.11+£021 39 |012+0.27 44
13 | 005+£0.12 18 | 0.06+£0.15 21 |0.07+£0.16 25 |0.09+0.17 31
14 | 0.04£011 13 ]005£012 16 |005£0.13 19 |[0.07£0.17 25
15 | 0.03£009 11 |005£014 16 |005x0.13 18 |0.07x0.18 25

1.1 1.2 1.3 14

10 | 025£042 93 |034£051 119]036+£0.54 128 |044+0.62 153
11 | 022£040 77 |023£042 81 | 030+£044 104 | 034053 119
12 1 015+£028 53 |0.14+£027 51 |0.18+0.34 68 |0.20+0.75 75
13 1011+£021 42 |0.14£022 49 |025+£0.15 55 |020+034 69
14 |009£023 32 |011£024 38 |013x£025 45 |015+£0.27 50
15 | 0.09+023 33 |012+0.27 40 |0.13+028 44 |0.17+0.37 61
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11. Podsumowanie i kierunek przyszlych badan

Publikacje wchodzace w sktad cyklu odnoszg si¢ bezposrednio do problemow
badawczych przedstawionych w niniejszej rozprawie doktorskiej. Zaproponowane
w naszych publikacjach [2, 3] algorytmy detekcji napadow nie§wiadomosci sg na tyle
skuteczne, ze moga by¢ zastosowane zarowno w rutynowej praktyce klinicznej jak
i do monitorowania pacjentow w warunkach domowych. Zostaty one przetestowane
na najwickszej, w porownaniu do wczesniejszych badan, bazie zapisow EEG.
Walidacja algorytmow stanowi pierwszy, najwazniejszy krok do implementacji na
urzadzeniach mobilnych. Dlugoterminowe monitorowanie EEG jest widocznym
trendem w badaniach naukowych po$wigconych epileps;ji 1 wpisuje si¢ w koncepcje
medycyny spersonalizowanej. Prezentowane wyniki pokazuja, ze detekcja napadow
nieswiadomo$ci jest mozliwa w  warunkach domowych za pomoca
nieskomplikowanych, tanich przeno$nych aparatow EEG, ktoére wspotpracuja
Z powszechnie dostepnymi w chwili obecnej smartfonami. Implementuj¢ obecnie
system telemedyczny, ktéry umozliwi lekarzom ocene skuteczno$ci farmakoterapii,
precyzyjne miareczkowanie lekow w celu minimalizacji efektow ubocznych oraz

wyznaczenie momentu przerwania farmakoterapii.

Glownym ograniczeniem wczesniejszych prac poswigconych biomarkerom
oraz detekcji napadow nieswiadomosci jest zbyt maty, niezrdéznicowany zbiodr
zapisow EEG. Opracowanie wiarygodnego biomarkera i wprowadzenie go do
procesu diagnozy jest mozliwe tylko w wyniku starannie przeprowadzonych badan
wieloosrodkowych. Proba opracowania modelu zindywidualizowanej farmakoterapii
wymaga regularnych badan EEG w okreslonych interwatach czasowych z kontrolg
przyjmowanych  przez  pacjenta  lekow.  Potwierdzenie = uzytecznosci
zaproponowanych biomarkeréw napadéw nieswiadomosci wymaga wigc dalszych

systematycznych badan.
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Kolejnym, naturalnym krokiem badan bedzie zbadanie miedzynapadowe;j
synchronizacji EEG. Wstepna analiza pozwala na sformutowanie hipotezy mowiacej,
ze jest ona nizsza u pacjentow z napadami nie§wiadomos$ci w poréwnaniu do grupy
kontrolnej. Wyjasnienie tego efektu i mozliwos$ci jego wykorzystania jako predyktora

reakcji na farmakoterapi¢ jest przedmiotem badan, w ktorych uczestnicze.

Napisane podczas studiow doktoranckich oprogramowanie pozwala szybko
i efektywnie analizowa¢ sygnaly EEG pod katem szukania cech szczegdlnych dla
danej jednostki chorobowej. W przysztosci planuje badania EEG pacjentow
z chorobg Wilsona jak rdéwniez cierpiagcych na chorobg afektywna jedno-

i dwubiegunowa.
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