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Zusammenfassung in deutscher Sprache

Microstates sind kurzzeitig andauernde, wiederkehrende elektrische
Potentialfelder Uber dem Kortex. Ein Grolteil der Signalvarianz des
Elektroenzephalogramms (EEG) wird durch vier reprasentative raumliche
Potentialverteilungen (Topographien) abgedeckt, welche bereits im Wachzustand
und im Schlaf identifiziert wurden und kanonisch als Karten A-D bezeichnet
werden. Microstates wurden in den vergangenen Jahren vor allem im Ruhe-
Wach-EEG untersucht, Uber andere Vigilanzzustande hingegen wissen wir
bisher wenig. Klassischerweise analysieren wir verschiedene Vigilanzzustande
im Elektroenzephalogramm anhand von Frequenzen und Graphoelementen, die
Microstate-Analyse hingegen betrachtet in erster Linie die rdumliche Verteilung
des kortikalen Potentials zu einem jeweiligen Zeitpunkt.

Die vorliegende Studie hatte zum Ziel, die zeitliche Abfolge von
Microstates im Wachzustand und im Schlaf zu charakterisieren. Mittels
informationstheoretischer Ansatze kdnnen die dynamischen Eigenschaften der
Microstate-Sequenz direkt mit den frequenzbasierten Eigenschaften des
zugrundeliegenden EEG verglichen werden. Es wurden die Ruhe-Wach- und
Schlafdaten von 32 gesunden Probanden analysiert. Hierbei fand sich eine
Zunahme der mittleren Microstate-Dauer und der Relaxationszeit der
Ubergangsmatrix, was langsamere Dynamiken im Schlaf anzeigt.
Erstaunlicherweise konnte im Tiefschlaf mehr als die Halfte der Sequenzen nicht
von einem simplen Markov-Modell unterschieden werden, was flr eine Abnahme
der Komplexitdt der Microstate-Sequenzen spricht. Die Entropierate der
untersuchten Sequenzen nahm mit zunehmender Schlaftiefe ab, was weniger
Zufall bzw. eine gréBere Vorhersagbarkeit innerhalb der Sequenzen bedeutet.
Dariberhinaus konnte gezeigt werden, dass Microstates immer dann periodisch
auftreten, wenn das zugrundeliegende EEG eine dominante Grundfrequenz
aufweist, sodass oszillatorische Hirnaktivitdt auch auf der Microstate-Ebene
verfolgbar ist. Hierdurch ist es mdglich, physiologische Vigilanzzustande
quantitativ voneinander zu unterscheiden.

Interpretiert man Microstates als Korrelate neuronaler Netzwerke,
scheinen im Schlaf dieselben oder ahnliche Netzwerke aktiviert zu werden wie



im Wachzustand, allerdings mit zunehmender Schlaftiefe langsamer und auf eine

weniger komplexe Art und Weise.



Zusammenfassung in englischer Sprache

Microstates are short, recurring electric field topographies over the cortex. The
majority of the electroencephalogram (EEG) signal variance is explained by four
representative topographies, canonically known as maps A-D. Similar maps have
been found in wakefulness and sleep. Microstates have been examined
thoroughly during wakeful rest, but our understanding of microstates in other
vigilance states is limited. Different vigilance states are usually distinguished by
the EEG frequency spectrum and graphoelements, while the microstate
approach focuses on the spatial distribution of the electric field at each time point.

The aim of this study was to analyze the temporal structure of microstate
sequences in wakefulness and sleep. Using information-theoretic methods, a
direct comparison between microstate sequences and classic frequency-based
EEG analysis is made possible. We present an EEG analysis of 32 healthy
subjects in wakefulness and sleep in which we found an increase of the mean
microstate duration and the transition matrix relaxation time with deepening sleep
stages, pointing towards slower microstate dynamics in sleep. Interestingly, more
than half of the sequences in deep sleep could not be distinguished from simple
Markov models which can be interpreted as a decrease in sequence complexity.
The entropy rate of the sequences decreased with deepening sleep stage,
indicating a less random, i.e. more predictable sequence structure. Furthermore,
we found that microstates occur periodically whenever the underlying EEG has a
dominant frequency. This shows that oscillatory brain activity can be tracked at
the microstate level, making it possible to distinguish different vigilance states
quantitatively.

Interpreting microstates as correlates of functional brain networks, we
conclude that the same or very similar networks are activated in sleep and

wakefulness, but their activation is slowed down and less complex.



ACF
AlF
EEG
fMRT
GEV
GFP
Hz
LAMF
MMD
ms
PSD
REM
RSN

Abklirzungsverzeichnis

engl.: autocorrelation function

engl.: autoinformation function
Elektroenzephalogramm

funktionelle Magnetresonanztomographie
engl.: global explained variance
engl.: global field power

Hertz

engl.: low-amplitude mixed-frequency
engl.: mean microstate duration
Millisekunden

engl.: power spectral density

engl.: rapid eye movement

engl.: resting-state network



Ubergreifende Zusammenfassung

Einleitung

Das Elektroenzephalogramm (EEG) erfasst oszillatorische Hirnaktivitat durch
Aufzeichnung elektrischer Potenziale an der Schadeloberflache.! Es lassen sich
sowohl zeitliche Zusammenhange wie unterschiedliche Frequenzen, als auch die
raumliche Verteilung des Oberflachenpotenzials anhand der GUber dem Kortex
angeordneten Elektroden beurteilen. So ist beispielsweise das Ruhe-Wach-EEG
durch einen okzipitalen Alpharhythmus (8-13 Hz) charakterisiert, wahrend wir im
Schlaf eine kontinuierliche Abnahme der vorherrschenden Grundfrequenzen
Uber Thetarhythmen (4-7 Hz) bis hin zu langsamen Deltawellen (0,5-3 Hz)
beobachten.? Um ein vereinfachtes Abbild der raumlich-zeitlichen Eigenschaften
des EEG zu erhalten, kobnnen die im Mehrkanal-EEG erfassten raumlichen
Potenzialmuster auch durch den sogenannten Microstate-Algorithmus dargestellt
werden.3

Microstates sind kurzzeitig (<120 ms) andauernde, quasi-stabile
elektrische Felder Uiber dem Kortex.® Aus der raumlichen Standardabweichung
des globalen elektrischen Feldes ergibt sich die sogenannte globale Feldstarke
(engl.: global field power, GFP).# Diese berechnet sich bei N Elektroden mit

jeweiligem Potential vi zum Zeitpunkt ¢ wie folgt:

GFP(t) = |- 2, v (®) (1)

An jedem lokalen Extrempunkt der entstehenden GFP-Zeitreihe findet sich eine
bestimmte Topographie des uUber dem gesamten Kortex bestehenden
elektrischen Feldes, welche fliir den Bruchteil einer Sekunde stabil bleibt und
dann in die nachste ibergeht. Ahnliche Topographien werden geclustert, sodass
der Grofteil der Signalvarianz durch reprasentative Topographien abgedeckt
wird.> Die meisten Studien identifizieren vier typische Topographien, welche
kanonisch als Karten A-D bezeichnet werden: Karte A zeigt eine diagonale
Polaritat von links okzipital nach rechts frontal, Karte B von rechts okzipital nach
links frontal. Karte C hat eine symmetrische Ausrichtung von okzipital nach frontal

und Karte D weist ein zentrales Maximum auf.®



Microstates wurden in den vergangenen Jahren vor allem im Ruhe-Wach-
EEG untersucht. Sie wurden im Gesunden und bei neuropsychiatrischen
Erkrankungen,”"" in verschiedenen Entwicklungsstadien® sowie unter
Medikamenteneinfluss'2'3 studiert. Uber Microstates im Schlaf hingegen wissen
wir bisher wenig. Im Jahr 2012 prasentierten Brodbeck et al. klassische
Microstate-Parameter wie deren relative Auftretenshaufigkeit, den Anteil der
durch jede Karte erfassten Signalvarianz (engl.: global explained variance, GEV),
die mittlere Dauer der einzelnen Microstates (engl.: mean microstate duration,
MMD) und deren Geometrie in verschiedenen Non-REM-Schlafstadien (N1-N3),
jeweils im Vergleich mit dem Ruhe-Wach-Zustand. Man beobachtete unter
anderem eine Zunahme der mittleren Dauer der Microstates (MMD) im
Tiefschlaf.'* Dies deutete auf eine langsamere Dynamik im Schlaf, analog zu dem
sich im Schlaf verlangsamenden Grundrhythmus des EEG.

Die vorliegende Studie hatte zum Ziel, diese anscheinend langsamere
Abfolge der Microstates statistisch genauer zu beschreiben. Hierbei stellt sich
jedoch folgendes Problem: Klassischerweise analysieren wir verschiedene
Vigilanzzustédnde im EEG anhand von Frequenzspektren, wir betrachten das
EEG also als dynamisches Abbild von Gehirnzustédnden. Die Microstate-Analyse
hingegen betrachtet in erster Linie die raumliche Verteilung des Kkortikalen
Potentials zu einem jeweiligen Zeitpunkt, bietet also einen eher statischen Blick
auf diese. Wie kann man also beide Ansatze miteinander vergleichen? Die
frequenz-basierten Methoden der klassischen EEG-Auswertung bestehen aus
Frequenzspektren (engl.: power spectral density, PSD) und den zugehorigen
Autokorrelationsfunktionen (engl.: autocorrelation function, ACF), welche sich
gemaR dem Wiener-Khintchine-Theorem®-'® entsprechen. Letztere lassen sich
nicht ohne weiteres auf eine nicht-metrische Sequenz wie die Microstate-
Sequenz Ubertragen, da sie mit Summen und Produkten operieren, wohingegen
Microstates durch eine kategoriale, nicht-metrische Variable (z.B. A, B, C, D)
bezeichnet werden. Ein einfaches Ersetzen der kategorialen durch eine
metrische Variable ist problematisch, da Microstates keine offenkundige Ordnung
besitzen und daher nicht sinnvoll einer Zahl zugeordnet werden koénnen.
Informationstheoretische Ansatze l6sen dieses Problem, indem sie die
Verteilungen der nicht metrischen Symbole (hier: i€ {4,B,C,D}) mit der

sogenannten Entropie H quantifizieren. Der aktuelle Zustand wird dabei als
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Zufallsvariable interpretiert, welche im Folgenden als X bezeichnet wird. Der
aktuelle Wert der Zufallsvariable zum Zeitpunkt t wird als X; angegeben, P(X:=i)
bezeichnet die Wahrscheinlichkeit, dass X zum Zeitpunkt t den Wert i €
{4,B,C,D} annimmt'7:

HX) = = Yiiapcoy PXe = Dlog,P(X, = i) ()

Die zeitlichen Abfolgen einer Sequenz kdnnen dann mithilfe von sogenannten
bedingten Entropien h; (in Abhangigkeit der letzten k Zustande) untersucht

werden'8:
hy=H (Xt+1|thgc)) (3)

Analog zur Autokorrelationsfunktion (ACF) kann mittels des Entropiekonzeptes
auch die sogenannte Autoinformationsfunktion (AIF) erstellt werden,'® anhand
derer die dynamischen Eigenschaften der Microstate-Sequenz direkt
vergleichbar werden mit den frequenzbasierten Eigenschaften des

zugrundeliegenden EEG:
AIF (1) = H(X¢47) — HXe4 o1 Xe) (4)

Diese Methode wurde bereits im Jahr 2017 von von Wegner et al.?° auf das Ruhe-
Wach-EEG angewandt. Hierbei stellte sich heraus, dass Microstates periodisch
wiederkehren — mit der doppelten Grundfrequenz des EEG.

Darstellung des Manuskripts

Die Fragestellung der vorliegenden Arbeit war, ob die Eigenschaft periodisch
wiederkehrender Microstates auch in den verschiedenen Schlafstadien zu finden
ist. Hierfir wurden die Elektroenzephalographien 32 gesunder Probanden,
welche aus einer urspriinglich simultanen EEG-fMRT-Studie?’ stammen,
analysiert. Alle 32 Probanden erreichten mindestens das Schlafstadium N2, 19
sogar das Tiefschlafstadium N3. Von jedem Probanden wurden gleich lange
Segmente mit einer Dauer zwischen 105 und 210 Sekunden je Vigilanzstadium
extrahiert und analysiert. Die Microstate-Transformation bestand aus der
Berechnung der GFP, dem Clustern der vier Karten mithilfe des modifizierten k-

means-Algorithmus?? sowie dem Zuordnen der jeweiligen Topographie zu jedem
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Zeitpunkt der Sequenz (Abtastrate 250 Hz) zu je einer der Karten A-D und wurde
fur jedes dieser Segmente vollfihrt. Daraus ergab sich zunachst flr jeden
Probanden in jedem Vigilanzstadium ein Set von vier individuellen Microstate-
Karten. Dann wurden aus den jeweiligen Individualkarten eines Vigilanzstadiums
Gruppenkarten gemittelt,” die ihrerseits wiederum den GroRteil der Signalvarianz
(GEV) der Sequenzen aller Probanden reprasentieren. Es wurden GEV-Werte
zwischen 58,9% (N1) und 67,4% (N3) erreicht. Die Topographien der Karten A-D
im Wachzustand waren hochgradig ahnlich zu den in der Literatur verfugbaren
Geometrien.® Auch im Schlaf fanden wir ahnliche Karten, sodass eine
Unterscheidung von Vigilanzzustanden rein anhand der raumlichen
Eigenschaften von Microstates nicht trivial zu sein scheint.

Zunachst untersuchten wir einfache Microstate-Parameter, wobei eine
Zunahme der mittleren Microstate-Dauer mit jedem Schlafstadium analog zu den
Ergebnissen von Brodbeck et al.’* reproduziert werden konnte. Ein weiterer
Ublicher Ansatz bei der Analyse von Microstate-Sequenzen ist die sogenannte
Ubergangsmatrix, welche die Ubergangswahrscheinlichkeiten von jeder Karte zu
sich selbst oder zu einer der anderen enthélt. Die sogenannte Relaxationszeit
dieser Matrix gibt an, wie lange eine Sequenz bendtigt, um alle mdglichen in der
Matrix enthaltenen Ubergdnge zu vollfihren, ist also ein MaB fir die
Geschwindigkeit der zeitlichen Abfolge der Microstates. Auch die Relaxationszeit
nahm in unseren Analysen mit jedem Schlafstadium zu, was einen weiteren
Hinweis auf langsamere Dynamiken im Schlaf darstellt, wobei die
Ubergangsmatrix-basierten Analysen jeweils nur einen Zeitschritt (den Wechsel
von einem Microstate zum né&chsten, bei einer Abtastrate von 250 Hz
entsprechend 4 ms) beleuchten. Um weitere Zeitschritte der Microstate-Abfolge
zu untersuchen, wurde auf Markov-Eigenschaften (Vorhersehbarkeit der
zuklnftigen Symbole anhand der bisherigen) geprift. Sogenannte Markov-
Reihen sind Modelle einfach aufgebauter zeitlicher Abfolgen.?® Beispielsweise
erflllt ein Markov-Prozess nullter Ordnung die Nullhypothese, dass der aktuelle
Zustand die Ubergangswahrscheinlichkeiten zu dem nachsten nicht beeinflusst.
In einer Markov-Reihe erster Ordnung héngen die
Ubergangswahrscheinlichkeiten hingegen von dem aktuellen Zustand ab, jedoch
nicht von dem vorherigen — wahrend sie im Falle eines Markov-Prozesses zweiter
Ordnung auch von dem vorletzten Zustand beeinflusst werden. Mit steigender
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Markov-Ordnung nimmt also die Komplexitdt der Reihe zu. Im Falle der
untersuchten Microstate-Sequenzen konnte keine der Sequenzen in keinem
Vigilanzstadium durch einen Markov-Prozess nullter oder erster Ordnung
beschrieben werden, ebenso die Sequenzen im Wachzustand sowie in den
Schlafstadien N1 und N2 nicht als Markov-Prozess zweiter Ordnung. Im
Schlafstadium N3 jedoch konnte mehr als die Hélfte der Sequenzen nicht mehr
von einem Markov-Prozess zweiter Ordnung unterschieden werden. Dies spricht
flr eine Abnahme der Komplexitat der Microstate-Sequenzen im Tiefschlaf.

Der Einfluss noch weiter zurlickliegender Zustdnde auf die weitere
Microstate-Abfolge wurde mithilfe von bedingten Entropien untersucht. Wir
verwendeten hierzu einen Schéatzer der Entropierate mit einer Historie von sechs
Abtastintervallen (24 ms). Die Entropierate gibt an, welche Informationsmenge
Uber den n&chsten Zustand in der Abfolge dieser vergangenen sechs Elemente
enthalten ist. Ist die Entropierate hoch, besteht ein hoher Grad an Zufall
beziehungsweise eine geringe Vorhersagbarkeit der Abfolge. Die Entropierate
der untersuchten Sequenzen nahm mit zunehmender Schlaftiefe ab, was also
weniger Zufall innerhalb der Sequenzen bedeutet.

Schlussendlich erfolgten Frequenzanalysen anhand von Powerspektren
und zugehdriger Autokorrelationsfunktion (ACF) des EEG im Vergleich mit der
Autoinformationsfunktion ~ (AIF)  der  Microstate-Sequenz  in  jedem
Vigilanzstadium. Im Wachzustand konnten wir die in von Wegner et al.?°
berichteten Ergebnisse reproduzieren, wonach die AlF der Microstate-Sequenz
eine Periodizitat von doppelter Frequenz derer der ACF des EEG aufweist: Das
uber alle Probanden gemittelte EEG-Frequenzspektrum zeigte einen klaren Peak
im Alphafrequenzbereich (9,5 Hz). Passend dazu lag das erste lokale Minimum
der ACF bei 52 ms. Die Peaks der Microstate-AlF (an Vielfachen von 52 ms)
fielen jeweils zusammen mit lokalen Minima und Maxima der ACF (Abbildung 1).
Im Schlafstadium N1 zeigten weder das EEG (ACF) noch die Microstate-
Sequenzen (AIF) klare Oszillationen (Abbildung 2a). Dies mag daran liegen, dass
N1 ein sehr variables und instabiles Schlafstadium ist: Der okzipitale
Alpharhythmus des Ruhe-Wach-EEGs wird hier sukzessive durch
niedrigamplitudige, gemischt-frequente Aktivitat (engl.: low-amplitude mixed-
frequency, LAMF) und teilweise durch Thetarhythmen ersetzt.? Eine

dominierende Grundfrequenz gibt es allerdings nicht immer, was sich auch in den
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Analysen widerspiegelt. In unserer Stichprobe zeigte nur ein Proband einen
durchgehenden Thetarhythmus in N1, welchen wir isoliert analysierten
(Abbildung 2b). Hierbei fand sich ein Theta-Peak bei 6,3 Hz im
Frequenzspektrum. Das erste lokale Minimum der ACF dieses Probanden lag bei
76 ms, ebenso das erste Maximum der Microstate-AlF. Analog zum Wachzustand
fand sich hier also eine Microstate-Frequenz, die dem doppelten des
zugrundeliegenden EEG entsprach. Auch das Schlafstadium N2 wird weniger
durch eine bestimmte Frequenz, sondern vor allem durch das Vorkommen von
Graphoelementen wie Schlafspindeln und K-Komplexen charakterisiert.? Auch
hier zeigten die gemittelte ACF und AIF keine klare Periodik. Die AIF zeigte
jedoch eine Elevation, welche sich einem kleinen spektralen Peak bei 12,2 Hz
zuordnen liel® (Abbildung 3a). Da es sich hierbei um typische Frequenzen von
Schlafspindeln handelt,?* analysierten wir zusatzlich isolierte Spindelsegmente
von jedem Probanden. Hier zeigte sich erneut, dass Microstates mit einer
charakteristischen Frequenz auftreten konnen, in diesem Fall dem doppelten der
Schlafspindelfrequenz entsprechend. Das erste lokale Minimum der ACF und der
erste AlF-Peak fielen zusammen auf 40 ms. Beide Funktionen passten somit
exakt auf die im Frequenzspektrum dominante Frequenz von 12,5 Hz (Abbildung
3b). Im Schlafstadium N3, welches vor allem durch langsame Deltawellen
gekennzeichnet ist,> fanden wir erneut Microstate-AlIFs, welche mit der
Grundfrequenz des EEG korrelierten (Abbildung 4): Das Frequenzspektrum
zeigte einen Peak bei 1,0 Hz, die ACF hatte das erste lokale Minimum bei 440
ms, der erste AlF-Peak lag bei 464 ms.

Um zu prufen, ob die AlF-Peaks statistisch signifikant waren, entwickelten
wir den ,AIF Peak Test“. Hierbei wurde die Hypothese geprift, dass lokale
Maxima der AIF nicht rein zufallig mit lokalen Extrema der ACF zusammenfallen.
Zur Beurteilung der Signifikanz wurden der Nullhypothese entsprechende
Markov-Stellvertretersequenzen®®2>  konstruiert. Diese entsprachen in
Auftretenswahrscheinlichkeit der einzelnen Microstates sowie
Ubergangswahrscheinlichkeiten in der Ubergangmatrix der empirischen
Microstate-Sequenz, wiesen jedoch als Markov-Prozesse erster Ordnung keine
Periodizitat auf. Mittels eines neu entwickelten statistischen Vergleichs mit diesen
Markov-Stellvertretersequenzen erster Ordnung konnten jeweils die ersten zwei
AlF-Peaks im Wachzustand, im N1-Thetarhythmus und in den N2-
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Schlafspindelsegmenten als statistisch signifikant nachgewiesen werden. In
Schlafstadium N3 lag nur ein Peak innerhalb des analysierten Bereiches, auch
dieser war signifikant. Die Methode des ,AIF Peak Test” wird im Anhang
exemplarisch anhand des Wachzustandes (Abbildung 5) genauer erlautert.
Zusammenfassend lasst sich also sagen, dass Microstates auch im Schlaf
immer dann periodisch auftreten, wenn das zugrundeliegende EEG eine

dominante Grundfrequenz aufweist.

Diskussion

Die vorliegende Arbeit zeigt, dass eine Frequenzanalyse von Microstate-
Sequenzen moglich ist und klassische Microstate-Analysen erganzt. Letztere
fokussieren sich vorwiegend auf raumliche Eigenschaften von Microstates und
bertcksichtigen zeitliche Korrelationen meist nur Uber sehr kurze Zeitfenster von
wenigen Millisekunden (ein Abtastintervall). So beschaftigten sich auch die
wenigen bisher existierenden Arbeiten zum Thema Microstates im Schlaf'426
Uberwiegend mit der Geometrie der einzelnen Karten und deren
Auftretenshaufigkeiten, aber nur selten mit der Architektur der Microstate-
Sequenz an sich. Die hier vorgestellten Analysen sind hingegen in der Lage,
Microstate-Abfolgen Uber deutlich langere Sequenzen zu analysieren und
oszillatorische Hirnaktivitdt auch auf der Microstate-Ebene nachzuweisen.
Hierdurch ist es maoglich, physiologische Vigilanzzustande quantitativ
voneinander zu unterscheiden.

Diverse Studien sehen Microstates als Korrelate sogenannter
Ruhezustandsnetzwerke (engl.: resting-state network, RSN), welche mithilfe
funktioneller Magnetresonanztomographie (fMRT) identifiziert wurden.27-2°
Beispielsweise werden die Microstates A und B mit den audiovisuellen Systemen
korreliert, die Microstates C und D mit dem Salienz- und
Aufmerksamkeitsnetzwerk.2* Ubertragen wir unsere Ergebnisse auf diese
Analogie, scheinen ebendiese Netzwerke, oder aber Netzwerke mit ahnlichem
kortikalem Aktivitatsmuster, im Schlaf aktiviert zu werden, allerdings mit
zunehmender Schlaftiefe langsamer (zunehmende MMD und Relaxationszeit)
und auf eine weniger komplexe Art und Weise (geringere Entropierate,
zunehmende Ubereinstimmung mit simplen Markov-Modellen). Dies passt zu der
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grundlegenden Auffassung, dass Gehirnaktivitdt im Schlaf langsamer und
einfacher von statten geht.

Versteht man das periodische Auftreten von Microstates als rhythmische
Aktivierung von Ruhezustandsnetzwerken, konnten diese als Oszillatoren der
letztlich an der Hirnoberflache ableitbaren Schwingungen interpretiert werden.3%
32 Die doppelte Frequenz der Microstates im Vergleich zum Mehrkanal-EEG lasst
sich damit erklaren, dass die Zuordnung der Microstates zu den Karten wahrend
des Clustering-Algorithmus unabhangig von ihrer Polaritat erfolgt?® — eine inverse
Topographie wird derselben Karte zugeordnet.33

Aufgrund der geringen Eindringtiefe des EEG an sich ist die vorgestellte
Methode allerdings nicht imstande, oberflachenferne Konnektivitaten abzubilden.
Diese sind allerdings ein wichtiger Bestandteil aktueller Gehirnforschung.3*
Zusatzliche Modalitdten wie das fMRT sind also flr das Verstandnis von
Gehirnaktivitat im Schlaf zusatzlich von Noten. Da diese anderen Methoden
jedoch oftmals Uber eine geringere temporale Auflosung verfiigen,® ist
umgekehrt das EEG eine sinnvolle Erganzung.

Ausblickend ware es interessant, die hier vorgestellte Methode auch auf
Microstate-Sequenzen bei verschiedenen neuropsychiatrischen Erkrankungen
anzuwenden und die Erkenntnisse im Schlaf mit anderweitig bedingten
Vigilanzminderungen zu vergleichen. Ein generalisiert verlangsamtes (sog.
allgemeinverandertes) EEG finden wir beispielsweise auch bei
Enzephalopathien3? oder Demenzerkrankungen.?” Interessanterweise wurde im
Falle der Demenz vom Alzheimer-Typ bereits eine Abnahme der Komplexitat von
Microstate-Sequenzen nachgewiesen,® in einigen Studien konnte die Abfolge
von Microstate-Sequenzen bei Alzheimer-Demenz sogar nicht von einem rein
zufalligen Prozess unterschieden werden.?® Allerdings nutzen diese Studien
andere MaBe fir Komplexitat als die vorliegende Arbeit, sodass eine
Ubertragbarkeit der Erkenntnisse nicht zwangsldufig gegeben ist.4° Jedoch
scheinen auch bei etwas veranderter Methodik im Falle der Alzheimer-Demenz
eine EEG-Verlangsamung und die Abnahme der Komplexitdt von Microstate-
Sequenzen analog zum Schlaf einherzugehen. Ein weiteres, haufig untersuchtes
Modell fur Vigilanzminderungen ist die medikamentds induzierte Sedierung. Hier
fand sich hingegen eine Zunahme der Komplexitat von Microstate-Sequenzen
vor allem bei leichter Sedierung.’®#! Es bestehen also Hinweise darauf, dass
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sowohl eine erhdhte als auch eine verringerte Komplexitat von Microstate-
Sequenzen mit verringerter Vigilanz einhergehen kénnen; oder umgekehrt volles
Bewusstsein moglicherweise ein ,ideales Mittelmal3“ an Komplexitat voraussetzt.
Die vorgestellte Methode kdnnte also, weitere Analysen vorausgesetzt, wichtige

Beitrdge zum Verstandnis von Bewusstsein im Allgemeinen liefern.
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Abstract

The majority of EEG microstate analyses concern wakefulness, and the existing sleep studies have focused on changes in
spatial microstate properties and on microstate transitions between adjacent time points, the shortest available time scale.
We present a more extensive time series analysis of unsmoothed EEG microstate sequences in wakefulness and non-REM
sleep stages across many time scales. Very short time scales are assessed with Markov tests, intermediate time scales by the
entropy rate and long time scales by a spectral analysis which identifies characteristic microstate frequencies. During the
descent from wakefulness to sleep stage N3, we find that the increasing mean microstate duration is a gradual phenomenon
explained by a continuous slowing of microstate dynamics as described by the relaxation time of the transition probability
matrix. The finite entropy rate, which considers longer microstate histories, shows that microstate sequences become more
predictable (less random) with decreasing vigilance level. Accordingly, the Markov property is absent in wakefulness but
in sleep stage N3, 10/19 subjects have microstate sequences compatible with a second-order Markov process. A spectral
microstate analysis is performed by comparing the time-lagged mutual information coefficients of microstate sequences with
the autocorrelation function of the underlying EEG. We find periodic microstate behavior in all vigilance states, linked to
alpha frequencies in wakefulness, theta activity in N1, sleep spindle frequencies in N2, and in the delta frequency band in
N3. In summary, we show that EEG microstates are a dynamic phenomenon with oscillatory properties that slow down in
sleep and are coupled to specific EEG frequencies across several sleep stages.

Keywords Electroencephalography (EEG) - EEG microstates - NREM sleep - Oscillations - Entropy - Information theory

Introduction states: wakefulness, non-rapid eye movement (NREM)

sleep stages N1-N3, and rapid eye movement (REM) sleep
The electroencephalographic (EEG) classification of wake-  (American Academy of Sleep Medicine 2007). In this study
fulness and sleep is based on EEG frequency content, spe- we analyze time series properties, and especially oscillatory
cific EEG waveforms (vertex sharp waves, sleep spindles,  characteristics of EEG microstate sequences in wakefulness
K-complexes), and distinguishes the following vigilance ~ and NREM sleep stages.

EEG microstates are transient, quasi-stable electric field
topographies as measured by surface EEG and identified via
Handling Editor Wook Jo. a clustering algorithm. Microstate sequences are time series
representations of EEG data sets which use the reduced set
of microstates rather than the full multi-channel data set. In
these sequences, the microstate labels appear in contiguous

] Frederic von Wegner
f.vonwegner @unsw.edu.au

! Department of Neurology and Clinical Neurophysiology, blocks that last tens to hundreds of milliseconds (Koenig
Liineburg Hospital, Bogelstrasse 1, 21339 Liineburg, et al. 2002; Lehmann et al. 2005; Brodbeck et al. 2012). The
Germany clustering principle is to group EEG topographies with high

2 Department of Neurology, Christian-Albrechts University spatial similarity, in order to achieve a maximum percentage
Kiel, Arnold-Heller-Strasse 3, 24105 Kiel, Germany of explained spatial variance with respect to the underly-

¥ School of Biomedical Sciences, University of New South ing EEG data set. The optimum number of clusters can be
Wales, Wallace Wurth Building, Kensington, NSW 2052, determined by a variety of cost functions. In many studies,
Australia
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an optimum of four clusters has been found, and the micro-
state maps found are highly concordant (Michel and Koenig
2018). This highly reproducible, or canonical set of four
maps is usually labelled by the letters A-D (Koenig et al.
2002; Khanna et al. 2015). The polarity of these maps fol-
lows the general pattern: left occipital to right frontal (map
A), right occipital to left frontal (map B), occipital to frontal
(map C), and a more variable map D with a polarity between
map C and a radially symmetric pattern. In different stud-
ies, the global explained variance (GEV) of these four maps
ranged between 58% and 84% (Michel and Koenig 2018).

In the past decades, microstate properties have been char-
acterized for many experimental conditions, most of them
for the wakeful state. Microstate properties have been stud-
ied in health and in diverse neuropsychiatric diseases such
as schizophrenia (Koenig et al. 1999; Lehmann et al. 2005;
Perrottelli et al. 2021), early psychosis (de Bock et al. 2020;
Murphy et al. 2020), autism (D’Croz—Baron et al. 2019;
Nagabhushan Kalburgi et al. 2020), narcolepsy (Kuhn et al.
2015; Drissi et al. 2016), and different forms of dementia
(Dierks et al. 1997, Strik et al. 1997; Schumacher et al. 2019;
Smailovic et al. 2019; Tait et al. 2020). Several studies inves-
tigated the relationship between microstates and resting-state
networks (RSNs) identified by functional magnetic reso-
nance imaging (fMRI) (Britz et al. 2010; Musso et al. 2010;
Yuan et al. 2012) or by source localization approaches such
as topographic electrophysiological state source-imaging
(TESS) (Custo et al. 2017), as both are assumed to reflect
spontaneously activating functional brain networks. These
studies of the wakeful state suggested an association of
microstate classes A and B with cognitive and sensory pro-
cessing (Milz et al. 2016), and of microstates C and D with
the saliency and attention networks, respectively (Britz et al.
2010). The details of these relationships are still debated and
are the subject of current research (Seitzman et al. 2017;
Michel and Koenig 2018).

Although our knowledge about microstates in sleep is
more limited, the four canonical microstates A-D have
been found during drowsiness (Comsa et al. 2019; Kry-
lova et al. 2021) and sleep (Cantero et al. 1999; Bréchet
et al. 2020), as well. Brodbeck et al. (2012) carried out
a microstate analysis of full bandwidth EEG (1-40 Hz)
during wake and NREM sleep stages and found highly
similar topographies of microstates A—C. Sleep stages N2
and N3 showed an altered map D topography with a more
circular (radially symmetric) pattern. Microstate durations
increased with deepening sleep stages, accompanied by an
increasing time interval between global field power peaks.
Both findings suggested a general slowing of microstate
dynamics during sleep. Temporal properties were deduced
from the microstate transition matrix which captures tran-
sitions from one time point to the next, but does not allow
statements about higher-order correlations, including
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oscillations. We have described oscillatory microstate
dynamics using a time-lagged mutual information analysis
and have found that microstates occurred at twice the dom-
inant EEG frequency in wakefulness when non-smoothed,
raw microstate sequences were considered (von Wegner
et al. 2017). For example, EEGs with a dominant 10 Hz
alpha activity produced microstate sequences with large
mutual information values between microstates separated
by intervals of 50 ms (20 Hz), 100 ms (10 Hz), and mul-
tiples thereof. Sleep EEG shows characteristic oscillatory
phenomena such as theta rhythms during drowsiness, sleep
spindles in N2, and slow wave delta rhythms in deep sleep
(N3) (American Academy of Sleep Medicine 2007), but
we do not know whether the oscillatory microstate dynam-
ics in the wake state also occur in sleep.

Furthermore, information-theoretical analysis of micro-
state sequences during a design task has shown that the
entropy rate (von Wegner et al. 2018) and oscillatory
microstate dynamics are modulated by cognitive tasks, and
that these metrics indicate the balance between cognitive
workload and cognitive control (Jia et al. 2021). Yet, we do
not know whether this interpretation is compatible with our
understanding of reduced cognition during sleep.

Based on our previous results, the aim of this study was
to test microstate sequences for their information content
and periodic patterns in different sleep stages. Interpreting
microstates as electrophysiological correlates of large-scale
network activity, we hypothesized that (i) wakefulness-
related microstate frequencies would disappear as wake-
specific network activity recedes during the wake-sleep
transition, (ii) with the appearance of sleep-specific oscil-
latory phenomena, microstate oscillations in sleep-related
frequency bands might appear.

Other recent studies have established relations between
microstates and the EEG frequency spectrum (Shi et al.
2020; Abreu et al. 2021) by averaging the instantaneous EEG
frequency over epochs assigned to a given microstate. It
should be emphasized that there is a key difference between
those approaches and this study. The previous approaches
identify which frequencies can be found at the EEG sensor
level during a given microstate, but they do not describe
the temporal ordering of the microstates themselves. Our
approach identifies whether the sequence of microstates has
periodic properties and is therefore able to track the tem-
poral behavior of large-scale network activity. We use the
time-lagged mutual information function (autoinformation
function, AIF) of the microstate sequence as a generalized
version of the autocorrelation function (ACF), and compare
it to the ACF of EEG sensor signals. Via the one-to-one
correspondence between ACFs and power spectral densi-
ties (Wiener-Khintchine theorem, Wiener 1930; Khintchine
1934; Kubo et al. 1985), EEG spectral peaks can thus be
compared to microstate AIFs.
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Materials and methods
Data

We analyzed EEG recordings of 32 healthy subjects (age
range: 19-27 years, mean: 23 years, 20 females, 12 males)
participating in a task-free simultaneous EEG-fMRI study
(Brodbeck et al. 2012; Jahnke et al. 2012; Gértner et al.
2015). We included subjects that reached at least sleep
stage N2 and with a minimum duration of 105 s in each
vigilance state. A total of 19/32 subjects reached sleep stage
N3. Wakefulness represents a task-free condition with eyes
closed.

For each subject, data segments from different vigilance
states were adjusted to have identical length. Across sub-
jects, data sets had a total duration between 105 and 210 s
(mean: 157.97 s). The EEG pre-processing steps have been
detailed in our earlier studies (Brodbeck et al. 2012; Jahnke
et al. 2012) and included: correction of MR gradient and
ballistocardiogram artifacts, down-sampling to 250 Hz and
re-referencing to an average reference. In this study, signals
were band-pass filtered to 0.5-20 Hz, using a 6th order digi-
tal Butterworth filter.

Sleep Scoring

Sleep stages were assigned according to the criteria defined
by the American Academy of Sleep Medicine (American
Academy of Sleep Medicine 2007). Sleep graphoelements
(SGE) including sleep spindles were marked manually.
Microstate sub-sequences from each subject correspond-
ing to sleep spindles in sleep stage N2 were also analyzed
independently from the surrounding N2 data. Sleep spindle
segments (n=32) had durations ranging from 544 ms to
1844 ms (mean: 951.4 ms).

Spectral Analysis

To summarize the EEG frequency content across all chan-
nels, each data set was submitted to a principal component
analysis. Only the first component was retained and its
power spectral density (PSD) was computed using Welch’s
method (Hann window, 4096 ms) (Welch 1967). The relative
power of each frequency band was determined as the area
under the PSD covered by that frequency band, divided by
the total PSD area.

The PSD is the frequency domain equivalent of the
autocorrelation function (ACF) in the time domain. The
ACF measures the linear correlation between the signal x,
at time point ¢ and the same signal at time point #+7. The
ACF coetficient () for time lag 7 is defined as the expected
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value E(x,xrﬂ). Oscillatory signals with frequency f have a
periodic autocorrelation with oscillation length T = 1/f. For
example, a pure 10 Hz oscillation (idealized EEG alpha-
rhythm) has local ACF maxima at multiples of 100 ms and
local ACF minima at odd integer multiples of 50 ms (50,
150, ... ms).

Microstate Analysis

For each multichannel EEG data set, the spatial standard
deviation, or global field power (GFP), is computed at each
time point (Lehmann and Skrandies 1980):

GFP(t) = /%ZLW‘Z(”

where v,(t) are the average-reference potentials measured

at N electrodes. Figure 1 shows representative EEG wave-
forms from three exemplary EEG channels for each vigi-
lance state, and the associated GFP time series (red). At each
local maximum of the GFP function, the global electric field
topography is assumed to be stable (Lehmann et al. 1987;
Zanesco 2020). The voltage distributions (topographies) at
these local GFP maxima are the input data for the modi-
fied k-means algorithm (Pasqual-Marqui et al. 1995), that
we implemented in the Python programming language (von
Wegner and Laufs 2018). The computed cluster centroids
are the K microstate maps for the given subject. As in our
previous analysis of the sleep EEG data set, we used a clus-
tering into K =4 microstate classes (Brodbeck et al. 2012).
The k-means algorithm was run five times and the result
explaining most of the spatial variance was selected for each
subject and sleep stage. From the individual subject maps,
we calculated group maps via the full permutation proce-
dure described in Koenig et al. (1999), using 20 independent
runs and retaining the result with the maximum explained
variance. Microstate maps were computed for each vigilance
state separately. Results for microstate sequences based on
K =35 microstate classes and two different clustering levels
(per sleep stage, grand mean maps across all sleep stages)
are found in the supplementary material.

Microstate sequences were obtained through back-fitting
of the group maps into the original EEG data sets. At each
time point, the microstate class label i € (A, B, C, D} that
best fitted the current EEG topography was used, as meas-
ured by the squared correlation coefficient between the
microstate map and the EEG topography (Koenig et al. 1999;
Murray et al. 2008). To keep the temporal structure of the
microstate sequence unaltered, back-fitting was performed at
each time point, as opposed to the frequently used technique
of fitting at GFP peaks only (Lehmann et al. 1987). No fur-
ther temporal smoothing methods were applied.

(6]
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Fig.1 EEG microstates in wakefulness (W) and NREM sleep
stages N1-N3. The four vigilance states are illustrated by exem-
plary EEG traces (3 s) from three exemplary channels (F4, Cz, O1;
black). Wakefulness is characterized by occipital alpha oscillations
(8-12 Hz). Sleep stage NI has low-amplitude mixed frequency
(LAMF) activity, N2 shows a sleep spindle (first second at Cz) fol-

Microstate Statistics

We evaluated the following parameters for each subject and
each vigilance state:

GFP peaks per second (PPS): Mean number of local GFP
maxima per second [1/s].

Mean microstate duration (MMD): Average time a micro-
state map remains stablebefore switching to the next map
[ms].

Global explained variance (GEV): GFP-weighted per-
centage of spatial varianceexplained by the maps [%].
Transition probability matrix: a 4x4 stochastic matrix T
which contains the conditional probabilities 7; = P (X,,
=j | X, = i) to switch from microstate label i to label j in
a single time step, with i, j € {A, B, C, DJ.

The relaxation time (T,,,) of the transition probability
matrix T describes how quickly the process described
by T relaxes from perturbations. It is the inverse of the
spectral gap, which is defined as the difference between
the two largest eigenvalues of T.

Statistical differences were assessed with one-way

ANOVA tests across vigilance states followed by post-hoc
Tukey tests (a = 0.05).
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lowed by a K-complex and N3 is characterized by generalized delta
waves (0.5-3 Hz). Global field power (red line) and GFP peaks (red
dots) are shown below the EEG traces. The microstate group maps
A-D of each vigilance state are shown below the GFP time series
(note that their polarity can be ignored)

Markov Surrogate Data

The distribution of microstate labels will be denoted by =
and describes the probability that the microstate sequence
X, has label i ¢ {A, B, C, D} at time point ¢, in mathemati-
cal notation P(X, = i). The microstate distribution x and the
transition probability matrix (7; = P(X,,; = j|X; = 1)) allow
the construction of surrogate sequences with a purely Mark-
ovian structure (Haggstrom 2002; von Wegner et al. 2017).
To detect deviations of EEG microstate sequences from
Markov processes, we tested empirical microstate sequence
properties against null hypothesis distributions from sur-
rogate data. For each vigilance state, we averaged T and
# from the empirical microstate sequences of all subjects.
Confidence intervals were computed from n =500 Markov
surrogates at significance level a =0.05.

Entropy-Related Quantities

To characterize the amount of information (or randomness)
contained in microstate sequences, and to describe their
autocorrelation structure in an information-theoretic sense
and independent of the label assignment, we analyzed two
entropy-related quantities, (i) the finite entropy rate, and (ii)
the autoinformation function (AIF).
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Both quantities are based on the microstate label distri-
bution. The microstate sequence can be characterized by its
Shannon entropy (Kullback 1959):
HX) == pen P = i)logP(X, = ) )

which is minimal (H(X) = 0) if the sequence consisted
of a single, never changing microstate, and maximal
(H(X)=1og(4)) if each microstate was assigned to 1/4 of
all samples. The Shannon entropy is a static measure in the
sense that it does not contain any information about the tem-
poral order of the samples.

Time dependence is introduced by using conditional
entropies. We use a finite version of the entropy rate (Levin
et al. 2006), defined as a conditional entropy:
hy = H(Xf+l [X;Ek)) (3)

This quantity measures the uncertainty (or entropy)
about the next microstate label X, ,, given knowledge about
the k previous microstates X,(k). The computation involves
the Shannon entropy of multivariate distributions (joint
entropy), as detailed in Kullback (1959). Cover and Thomas
(2006) or von Wegner (2018). We chose a history length
of k=6 samples (24 ms) because entropy rate estimates
become less reliable for k> 6 for the sequence lengths in
this study (von Wegner et al. 2018).

A sequence X, with a large entropy rate has a short decor-
relation time, or a quickly fading memory of its past values.
In other words, if microstate labels are produced with a high
level of randomness and low predictability, the entropy rate
will be high. A lower entropy rate, on the other hand, means
that the next microstate is more predictable from past val-
ues. Entropy rate differences were assessed with one-way
ANOVA tests across vigilance states followed by post-hoc
Tukey tests (a = 0.05).

Two-point correlations between the time points ¢ and
1+, for an arbitrary time lag 7, are measured by the shared
(mutual) information between the microstate labels X, and
X, ;.- Mutual information is a generalization of the linear
correlation coefficient between two random variables, and
thus, the collection of time-lagged mutual information coef-
ficients is a generalization of the time autocorrelation func-
tion (ACF), and will be denoted autoinformation function
(AIF) (Cover and Thomas 2006; von Wegner et al. 2017):

AIF(E) = H(X,,.) ~ H(X,,,IX,) @

The magnitude of the AIF coefficient at time lag 7
indicates how well the microstate at time ¢ predicts the
microstate at time 7+7. In information theoretic language,
it expresses how much the uncertainty (randomness) about
X,,. is reduced by conditioning on X,. In this way, AIF
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peaks at regular intervals indicate periodic occurrences
of microstates, in the same way that ACF local extrema
indicate periodic EEG signals.

AIF peak test

To test AIF curves for significant peaks (local maxima),
we constructed an additional surrogate test. An AIF curve
is said to have a significant peak at time lag 7 if the nor-
malized area under the AIF curve (AUC) in a narrow win-
dow around time lag 7, i.e. [t — w, T + w], is significantly
larger than the corresponding area under the surrogate data
AIF. Areas were normalized with respect to the total area
under the AIF curve.

The statistic testing whether the AIF a(?) has significant
S halodr,
with normalization constant A = f a(t)dt. The value of this
statistic was compared to the null distribution obtained
from n=10 Markov surrogate values, using the Mann-
Whitney U-Test. We used an empirical window half-width
of w=8 ms (2 samples).

We expected AIF peaks to coincide with local extrema
of the ACF. For the vigilance states W, N1 and N2, we
therefore tested the peak locations 7z, given by the first
two local extrema of the ACF. For N3, only the first ACF
minimum fell within the analyzed range (z,,,, = 1000 ms)
and was used as 7, .

For instance, an EEG data set with a 10 Hz spectral
peak yields an ACF whose first two local extrema are
found at 50 ms and 100 ms, hence the AIF peak test used
7, =50 ms and 7, = 100 ms.

peaks at multiple time lags 7, (k=1, ...) is %Zk/

Markovianity Tests

The transition matrix exclusively captures those features of
microstate sequences that can be described by a first-order
Markov process. Markov properties describe to what extent
time series remember their past. A zero-order Markov pro-
cess fulfills the null hypothesis that information about the
current state X, does not affect the transition probabilities to
the next state X, . In a first-order Markov process, the tran-
sition probability P(X,,|X,) depends on X,, but not on X,_;
or earlier samples. Rules for higher order Markov processes
follow the same pattern (Kullback et al. 1962). We tested for
the Markov properties of order 0, 1 and 2 in each vigilance
state as described previously (von Wegner et al. 2017), at a
significance level of @ = 0.05 and with Bonferroni correction
across the number of subjects.

All methods were implemented in the Python program-
ming language (von Wegner and Laufs 2018).
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Results
Microstate Statistics

The group maps found in different vigilance states are
shown in Fig. 1. The similarities between sleep maps and
wakefulness maps, as measured by their Pearson correla-
tion coefficient, are summarized in Table 1. The average
similarity between sleep and wake maps was at least 80%,
for all sleep stages. The lowest similarities compared with
the wake state were found for map D in N1 (62.2%) and N2
(53.8%), and for map A in N3 (71.0%). The dissimilarity
of map D can be described visually as being more circular
in sleep compared to wakefulness.

Table 2 summarizes further microstate properties,
presented as mean values and 90% confidence intervals
across all subjects. One-way ANOVA tests showed signifi-
cant differences across vigilance states for all parameters.
From left to right, with decreasing vigilance, the number
of GFP peaks per second (PPS) decreased, while the mean
microstate duration increased. An increasing time interval
between subsequent GFP peaks suggests a shift towards
lower EEG frequencies, an effect that is explored further
in Sect. 3.2.

Table 1 Similarity of group maps in sleep stages NI1-N3 as compared
to wakefulness [%]

A B C D mean
N1 87.9 86.1 93.5 62.2 824
N2 99.3 854 82.3 53.8 80.2
N3 71.0 92.4 88.6 81.2 833

All similarity values were measured by Pearson‘s correlation coeffi-
cient.

Post-hoc pairwise Tukey tests revealed that PPS values
between all vigilance states were significantly different. For
MMD values, the only non-significant differences were the
comparisons between sleep stages N1 and N2 for microstates
A, Cand D. GEV comparisons showed that map C explained
the maximum percentage of variance in all vigilance states.
The total GEV values ranged from 58.9% (N1) to 67.4%
(N3). Detailed statistical results are given in supplementary
Table S1.

Relaxation Time and Entropy rate

The relaxation time of the microstate transition matrix
showed significant differences between vigilance states in
a one-way ANOVA. Mean relaxation times increased with
increasing sleep depth (W: 4.5; N1:5.7; N2: 6.4; N3: 10.8).
The opposite trend was observed for the entropy rate, which
decreased from wake to deep sleep (W: 0.86; N1: 0.74; N2:
0.69; N3: 0.48 bits/sampling interval). For both parameters,
all pair-wise comparisons between vigilance states were sig-
nificant (post-hoc Tukey tests).

The relationship between MMD, transition matrix relaxa-
tion time and entropy rate is illustrated in Fig. 2. For better
visibility, the spectral gap, which is the inverse of the relaxa-
tion time, is plotted (right ordinate, crosses). Using a semi-
logarithmic scaling for MMD values, the variables entropy
rate (left ordinate, circles) and spectral gap decreased almost
linearly with increasing MMD, suggesting a near-loga-
rithmic relationship. Spectral gap and entropy rate values
decreased at the same rate. Vigilance states are indicated by
color and form clearly separated clusters.

Markovianity

Microstate sequences from wakeful rest and sleep stages
N1-N3 were tested for the Markov properties of order 0, 1

Table 2 Basic microstate

: W N1 N2 N3

properties: GFP peaks per

second (PPS), mean microstate Mean CI Mean  CI Mean  CI Mean  CI

R MR i PPS [1/s] 185 (17.0202) 166  (155180) 154 (142167 115  (9.3:13.3)

microstate duration per map

(MMD , s cp), global cxplained ~ MMD[ms] 219 (154:29.0) 283  (207:346) 314  (242389) 533  (38.9:746)

variance per map (GEV, ¢ p) MMD, [ms| 202  (132:30.1) 27.7 (227:31.8) 318  (23.7:39.1) 558  (42.0:73.1)

and total géobal explainedf MMDy [ms] 20,6 (15.3:253) 27.1  (19.6:33.5) 337  (20.7:40.1) 523 (37.7:74.3)

variance (GEV ) in wakefulness 5 . i . .

V) i 5K shige TN MMD. [ms] 234  (187:284) 303  (23.9:357) 304  (254:380) 515 (40.2:68.6)
MMD, [ms] 233  (182:202) 282  (22.1334.0) 295 (23.6:360) 534  (41.7:67.3)
GEV, [%] 130 (4828.6) 152  (11.3;190) 105 (3.1;19.5) 150  (10.7:20.1)
GEV,, [%] 135 (6.1;209) 134 (5.1:287) 168 (11.6243) 117 (6517.7)
GEV,. [%] 182 (75275 209  (149319) 267  (153:393) 265  (17.6:39.1)
GEV, (%] 148  (5.8226) 95  (44158) 108  (5.1:17.2) 142 (7.7:189)
GEVL[%] 595  (51.6:67.2) 589  (534:64.2) 648  (358.2;71.6) 674  (60.572.9)

mean: arithmetic means across all subjects, CI: confidence intervals (5-95%) in parentheses.
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and 2. The null hypotheses for Markov processes of order
0 and 1 were rejected for all subjects in all four vigilance
states. The null hypothesis for second-order Markovian-
ity was rejected for all subjects in wakeful rest and sleep
stages N1 and N2. In sleep stage N3, it was rejected in 9/19
cases. Thus, 10/19 (52.6%) microstate sequences in state N3
could be described as second-order Markov chains. For iso-
lated sleep spindles, zero-order Markovianity was rejected
in all 32/32 cases, first-order Markovianity was rejected in
1/32 subject, and second-order Markovianity could not be
rejected in any case (0/32).

Microstate Frequency Analysis

In this section, we test whether microstate sequences contain
specific frequencies related to the EEG frequency spectrum.
For each vigilance state, we compared the EEG power spec-
tral density (PSD), the EEG autocorrelation function (ACF),
and the corresponding microstate autoinformation function
(AIF). PSD and ACF curves were computed for the first
principal component of each multi-channel EEG data set
to summarize all channels into a one-dimensional signal.
ACEF curves were overlaid onto microstate AIFs for direct
comparison of local minima and maxima.

To compare the amount of information stored in a micro-
state sequence with that of an equivalent first-order Markov
process, we added 95% confidence interval AIFs computed
from Markov surrogate data.

Wakeful Rest

Wakefulness is analyzed in Fig. 3. The PSD (left) had a
frequency peak at 9.5 Hz, within the normal adult alpha
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frequency range. The relative alpha band (8-13 Hz) power
was 41% of the total (0.5-20 Hz) power. The first local
maximum of the corresponding ACF (right, black curve)
was located at 100 ms, the first local minimum at 52 ms.
These two ACF local extrema coincided with the first two
local maxima of the microstate AIF (red curve). The first
five peaks of the AIF were located outside the confidence
interval defined by the Markov surrogate data (blue area),
demonstrating that microstate sequences contain a signifi-
cantly larger amount of shared information at these time
lags than the equivalent Markov model. We also applied
the AIF peak test described in the Methods section. This
test considers the first two AIF peaks and compares them
to the mean surrogate AIF (blue curve). It also showed that
periodicities were significant (p < 0.007) when compared
to a first-order Markov model.

Sleep Stage N1

Sleep stage N1 is analyzed in Fig. 4. The group-averaged
PSD (Fig. 4a, left) showed a nearly monotone decay with-
out clearly discernible frequency peaks. Accordingly, nei-
ther the group averaged ACF nor the AIF showed clear
periodicities (Fig. 4a, right). Among all n=232 subjects, we
identified a single subject with prominent theta oscillations
during N1. This subject is analyzed in Fig. 4b and showed
a PSD spectral peak at 6.3 Hz. The ACF (black curve) had
its first two local extrema at 76 ms and 148 ms. For the
same time lags, the microstate AIF (red curve) had local
maxima outside the confidence interval defined by Markov
surrogates (blue area). The AIF peak test described in the
Methods section was significant (p = 0.043) with respect
to the Markov surrogate AIF (blue curve).
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Fig.3 PSD, ACF and AIF of microstate sequences in wakefulness.
Left: average power spectral density (n=32) in semi-logarithmic
coordinates. Right: average EEG autocorrelation function (black) and
microstate autoinformation function (red). Markov surrogate dala are
shown as the 95% confidence interval (blue-shaded area) and mean
surrogate AIF (blue line). The PSD is characterized by an alpha fre-
quency peak at 9.5 Hz, which corresponds to the first local minimum

of the ACF at 52 ms (9.6 Hz). AIF peaks at multiples of 52 ms coin-
cide with negative and positive ACF local extrema. The AIF peak test
was significant for the first two AIF peaks (marked by asterisks); the
first five AIF peaks are significant with respect to the Markov con-
fidence interval while the surrogate AIF does not show any peaks.
PSD, ACF and AIF are shown along with their confidence intervals
(5-95%)
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Fig.4 PSD, ACF and AIF of microstate sequences in sleep stage N1.
a Left: average power spectral density (n=32) in semi-logarithmic
coordinates. Right: average EEG autocorrelation function (black) and
microstate autoinformation function (red). Markov surrogate data are
shown as the 95% confidence interval (blue shaded area) and mean
surrogate AIF (blue line). PSD, ACF and AIF do not show clear
peaks, indicating the absence of a dominant frequency. PSD, ACF
and AIF are shown along with their confidence intervals (5-95%). b

Sleep Stage N2

Sleep stage N2 results are shown in Fig. 5. The group-aver-
aged PSD for N2 (Fig. 5a) decayed monotonically across the
delta, theta and alpha frequency bands. A small peak was
observed at 12.2 Hz in the lower beta band, which is a typi-
cal sleep spindle frequency. The ACF (black) and AIF (red)
curves in the right panel of Fig. 5a did not show clear oscil-
lations. At the time lag corresponding to the 12.2 Hz spindle
frequency (82 ms), however, the microstate AIF curve had
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Results for a single subject with a prominent theta rhythm during N1.
The PSD has a 6.3 Hz peak, corresponding to a first local ACF mini-
mum at 76 ms (6.6 Hz). AIF peaks at multiples of 76 ms coincide
with negative and positive ACF local extrema. The AIF peak test was
significant for the first two AIF peaks (marked by asterisks); they are
as well significant with respect to the 95% Markov confidence inter-
val (blue shaded area). AIF peaks do not appear in Markov surrogate
data (blue line)

an elevation above the Markov confidence interval (arrow
in Fig. 5a).

To test whether microstates followed spindle frequencies,
we analyzed isolated sleep spindle segments. The results are
summarized in Fig. 5b; Table 3.

The N2 microstate maps explained 60.9% of sleep spin-
dle segment variance (GEVy). One-way ANOVA across
microstate classes showed significant differences between
the GEV values (p = 0.004), while post-hoc Tukey tests
revealed that only map A and C differed significantly. We
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Fig.5 PSD, ACF and AIF of microstate sequences in sleep stage N2.
a Left: average power spectral density (n=32) in semi-logarithmic
coordinates. Right: average EEG autocorrelation function (black) and
microstate autoinformation function (red). Markov surrogate data are
shown as the 95% confidence interval (blue shaded area) and mean
surrogate AIF (blue line). The PSD shows a small peak at 12.2 Hz
whereas ACF and AIF show no clear oscillations. The ACF has a
‘shoulder’ (marked by arrow) outside of the Markov confidence inter-
val. The surrogate AIF does not show any peaks. b Left: the average
PSD for isolated sleep spindles (#=32). Right: average EEG auto-
correlation function (black) and microstate autoinformation function

Table3 Sleep spindleanalyses: GFP peaks per second (PPS), total
global explained variance (GEV-and global explained variance per
map (GEV, ; - p), mean microstateduration (MMD) and mean micro-
state duration per map (MMD, j - p). Forcomparison, the homolo-
gous N2 properties are listed on the right

Sleep spindles N2

Mean CI Mean CI
PPS [1/s] 19.2 (15.4;22.4) 154 (14.2;16.7)
GEV[%] 60.9 (51.6;69.9) 64.8 (58.2:71.6)
GEV,[%] 104 (2.9;20.6) 10.5 (3.1:19.5)
GEVg[%] 16.0 (1.9;29.1) 16.8 (11.6;24.3)
GEV (%] 19.8 (4.4382) 267 (15.3:39.3)
GEVp[%] 147 (1.6:35.6) 10.8 (5.1:17.2)
MMD [ms] 211 (12.2;30.8) 314 (24.2:38.9)
MMD, [ms] 215 (134:304) 318  (23.7:39.1)
MMDy [ms]  20.8 (12.4274) 337 (29.7:40.1)
MMDy. [ms] 19.4 (11.5;28.8) 304 (25.4;38.0)
MMDy [ms]  22.7 (14.0:34.8) 295 (23.6:36.0)

mean: arithmetic means across all subjects, CI: confidence intervals
(5-95%) in parentheses.
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(red) for isolated sleep spindles. Markov surrogate data are shown
as the 953% confidence interval (blue shaded area) and mean surro-
gate AIF (blue line). There is a PSD peak at 12.5 Hz, correspond-
ing to the first local ACF minimum at 40 ms (12.5 Hz). AIF peaks
at multiples of 40 ms coincide with negative and positive ACF local
extrema. Microstate AIF peaks do not exceed the 95% Markov con-
fidence interval but cannot be reproduced by Markov surrogate data
(blue line); the AIF peak test was significant for first two AIF peaks
(marked by asterisks). PSD, ACF and AIF in (a) and (b) are shown
along with their confidence intervals (5-95%)

found an average of 19.2 GFP peaks per second (PPS) and a
mean microstate duration of 21.1 ms.

Isolated sleep spindles had a spectral peak at 12.5 Hz
(Fig. 5b, left), which was reflected by ACF local extrema at
40 ms and 72 ms. AIF peaks appeared at the same time lags,
but their absolute magnitude did not exceed the information
content of Markovian surrogate data (blue area). Although
the AIF corresponding to sleep spindle microstate sequences
(red) lies within the Markov surrogate confidence interval
(blue-shaded area), its shape is clearly different from the
mean surrogate AIF (blue curve). We tested the statistical
significance of the apparent peaks in the red curve using the
AIF peak test and found that the peaks at time lags 40 ms
and 72 ms were significant (p < 0.001). This shows that the
AIF peaks of sleep spindle microstate sequences are unique
to empirical EEG data. We never observe similar peaks in
Markovian surrogate data.

Sleep Stage N3

Figure 6 PSD, ACF and AIF of microstate sequences in
sleep stage N3. Left: average power spectral density (n=19)
in semi-logarithmic coordinates. Right: average EEG auto-
correlation function (black) and microstate autoinformation
function (red). Markov surrogate data are shown as the 95%
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Fig. 6 shows the frequency analysis for sleep stage N3. The EEG
spectrum in N3 was dominated by delta activity ((0.5-3 Hz) which
accounted for the majority of total data variance (84% of the PSD
area). The first ACF local maximum was located outside the ana-
lysed area (> 1000 ms), the first ACF local minimum was at 440 ms
(black curve), close to the first AIF peak at 464 ms (red curve). The

confidence interval (blue shaded area) and mean surrogate
AIF (blue line). The PSD is dominated by high delta power
and a smaller peak at 10.3 Hz. The ACF has its first local
minimum at 440 ms (1.1 Hz). The AIF peak lies at 468 ms
(1.1 Hz) and is significant with respect to the Markov con-
fidence interval while the surrogate AIF has a monotone
decay; the AIF peak test was significant for the AIF peak
(marked by asterisk). PSD, ACF and AIF are shown along
with their confidence intervals (5-95%).

Discussion
Summary of Findings

To better understand microstate dynamics in different vigi-
lance states, we analyzed temporal properties of microstate
sequences during wakefulness and NREM sleep across sev-
eral time scales. Ordered by time scales, our findings are
summarized as follows:

For deeper sleep stages, microstate dynamics slow down,
as demonstrated by increasing mean durations for all
microstate classes. Slowing occurs continuously across
the sleep stages as shown by the increasing relaxation
time of the transition matrix.

Explicitly testing Markov properties on very short time
scales reveals that microstate sequences in wake, N1 and
N2 have memory effects extending for at least two sam-
pling intervals (8 ms). In N3, however, n=10/19 micro-
state dynamics simplified and could be described by a
second-order Markov model.

Microstate sequences became more predictable in deeper
sleep stages, quantified by a decreasing entropy rate over
a 24 ms time window. This property was highly corre-
lated with the transition matrix relaxation time.
Frequency analysis of microstate sequences for time lags
up to 1000 ms showed that microstate sequences can fol-
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AIF peak at 464 ms clearly exceeded the Markov confidence interval
(blue area), indicating a large amount of shared information at 1.1.
Hz, compared to surrogate Markov data. The AIF peak test confirmed
the statistical significance of the peak (p <0.001), relative to Markov
surrogate AIF (blue curve)

low EEG alpha, theta, delta and sleep spindle frequencies
in different vigilance states, a property not predicted by
the transition matrix approach.

Microstate Topographies in Wakefulness and Sleep

Using the well-studied modified k-means clustering algo-
rithm (Pasqual-Marqui et al. 1995), we found microstate
topographies similar to those described in most wakeful rest
studies (Koenig et al. 2002; Michel and Koenig 2018). The
maps presented here are based on the same data set analyzed
in Brodbeck et al. (2012), but using a different preprocess-
ing strategy. Instead of 1-40 Hz band-pass filtering and the
TAAHC clustering algorithm (Brodbeck et al. 2012), we
chose a frequency range of 0.5-20 Hz and the modified
k-means algorithm. The aim was to include broader delta
frequency band content which may contain relevant infor-
mation in deeper sleep stages (N3), and to exclude higher
frequencies possibly contaminated by noise. The upper fre-
quency band limit of 20 Hz is a common choice in resting
state microstate studies (Koenig et al. 2002; Lehmann et al.
2005; Pasqual-Marqui et al. 2014; Diaz et al. 2016).

We chose the group maps in agreement with the canonical
maps defined in the literature (Michel and Koenig 2018),
even though individual trials of the permutation algorithm
sometimes gave non-canonical microstate maps, for instance
maps with a fronto-occipital symmetry axis. Compared to
the canonical maps, their GEV values differed by less than
0.5%, only. Though label-dependent quantities such as MMD
and GEV per map are dependent on the choice of the group
maps, the label-independent values (T,.,,. entropy rate, and
the autoinformation function) should not be affected, as sug-
gested by our previous work (von Wegner et al. 2018).

We reproduced the finding that microstate map D has a
more circular pattern in sleep compared to wakefulness, a
feature discussed in detail in Brodbeck et al. (2012). Brod-
beck et al. (2012) reported that their N2 group maps had
the lowest correlation with the wake maps, an effect mainly
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driven by the more circular pattern of map D. We could
reproduce this finding under the current preprocessing strat-
egy, and made the additional observation that map D was not
only different in N2 (correlation coefficient to W: 53.8%)
but also in N1 (62.2%). There is evidence that even subtle
alterations in map geometries indicate significantly differ-
ent dynamic functional connectivity patterns (Abreu et al.
2021). Thus, the topography of microstate class D appears
to be the best indicator of light sleep, and the actual network
underlying this topography is likely to be different from the
network corresponding to class D in wakefulness. Thus, the
comparison of microstate class D statistics between condi-
tions which may also reflect different vigilance levels should
be interpreted accordingly, they may not correspond to the
same functional network.

In contrast to Brodbeck et al. (2012), we did not repro-
duce the finding that map B was the most prominent in terms
of GEV in sleep stage N2, and that map C predominated in
all other vigilance states. In our analysis, map C had the
largest GEV values in all vigilance states including N2 (W:
18.2%; N1: 20.9%; N2: 26.7%; N3: 26.5%). Similar observa-
tions were recently reported for microstate distributions in
slow-wave sleep (Xu et al. 2020) and in a sleep study using
a five microstate decomposition (Bréchet et al. 2020).

The details of our data processing pipeline may have con-
tributed to the differences described as the band-pass filter
was different from the one used in Brodbeck et al. (2012),
which affects the smoothness of the obtained surface topog-
raphies, and thus influences the goodness-of-fit between data
vectors and microstate maps as well as the final microstate
statistics.

In Brodbeck et al. (2012), we used the modified cross-
validation criterion (Pasqual-Marqui et al. 1995) to compute
the optimum cluster number of K=4. The pre-processed
data used in this manuscript gave an optimum cluster num-
ber of K=4 for W and N1, and K=35 for N2 and N3. The
supplementary file to this article shows the results for K=35
for all vigilance states. The important observation is that the
key findings of this article, as shown in Figs. 2, 3,4, 5 and 6,
are also observed for K =5. This confirms our earlier find-
ings that the microstate class-independent and entropy-based
metrics used here are stable against variations in the number
and geometry of microstate maps (von Wegner et al. 2018).
An interesting observation is that K=5 clusters revealed
the additional microstate map E, following the labeling in
Custo el al. (2017), for W and N1, and the map F for N2 and
N3. This relates to recent research into propofol-induced
vigilance loss (Shi et al. 2020; Artoni et al. 2022), where
K =35 microstate maps were found to be optimal as well.
These authors, however, found map F in their wakeful base-
line conditions. This observation can partially be explained
by the fact that some subjects in the publicly available data
set used by Shi et al. (2020) show clear signs of drowsiness.
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An additional map was also found in narcolepsy patients
(Kuhn et al. 2015). It remains an open question whether the
need for more than four microstate maps is a generalizable
feature of reduced vigilance and consciousness. An unre-
solved problem is that the assignment to microstate classes
becomes more difficult when more classes are used. Our
supplementary Fig. S1 illustrates this for sleep stage N3,
where the assignment of microstate classes C, D is ambigu-
ous, and the last map in W and N1 appears to be class E
according Custo el al. (2017), but the map E differences
between W and N1 are not negligible. Our proposed solu-
tion to this problem is to rely more on microstate metrics
that are robust against changes in the number and labeling
of microstate maps. We believe that the methods used in this
manuscript might be helpful in achieving this goal.

Overall, our results confirm that microstate topogra-
phies A—C are relatively robust features of spontaneous
brain activity in wake and NREM sleep, whereas map D
and additional maps in the case of larger cluster numbers
(suppl. Fig. S1) show considerable variability. On the nega-
tive side, individual map statistics can be affected by pre-
processing and the role of individual maps is still unclear.
Moreover, the same map label (e.g. class D) may represent
different network configurations when compared between
vigilance states. The appearance of a microstate map with a
high similarity to one of the known geometries A—G (Custo
el al. 2017) should not, in general, be interpreted as the same
functional brain network if the experimental conditions are
different. Despite their similarity, we refrain from interpret-
ing our maps A—C in N2 and N3 sleep stages as correlates
of the same active cognitive processes that were studied in
(Seitzman et al. 2017) for instance, as the behavioural states
(engaging in a cognitive task vs. sleep) suggest fundamental
differences in brain state and function. Given the limitations
of a map-centered interpretation, we directed our focus on
temporal correlations in the following.

Slowing of Microstate Dynamics and loss
of Complexity

Sleep-related EEG changes are diverse, a common feature
being an increase in the proportion of lower frequencies,
although individual higher frequency events such as sleep
spindles also occur. We observed EEG slowing for deeper
sleep stages in the GFP time course, i.e. in the frequency
of GFP peaks (local maxima) per second. Compared to the
previous study by Brodbeck et al. (2012) (W: 31.2; N1: 31.8;
N2: 27.6; N3: 13.4/s), our PPS values were lower (W: 18.5;
N1: 16.6; N2: 15.4; N3: 11.5/s), due to the lower high-fre-
quency cut-off of the band-pass filter in our study (20 Hz
vs. 40 Hz).

To correctly interpret the mean microstate durations with
respect to the literature, we must emphasize the fundamental
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difference between our algorithm and many other micro-
state studies. We fit the best matching microstate at each
EEG sampling time point (von Wegner and Laufs 2018; von
Wegner et al. 2021), whereas many other researchers cal-
culate this fit at GFP peaks only, and interpolate the labels
between GFP peaks (e.g. Lehmann et al. 1987, 1998; Koenig
et al. 2002; Brodbeck et al. 2012). The latter approach has
a smoothing effect, as switches between microstate labels
are only allowed to happen in the GFP troughs between the
peaks, imposing a lower limit on microstate durations, and
an upper limit on the observed microstate frequencies. For
example, a PPS value of 20/s implies that the interpolation
method renders microstate durations below 50 ms very
unlikely, by construction. Qur method uses minimal assump-
tions and therefore allows us to observe the full bandwidth
of temporal dynamics. Recent studies by us and others could
show that the dynamics between GFP peaks contain relevant
information about the actual continuous dynamics of the
cortical electric field (Mishra et al. 2020; von Wegner et al.
2021).

A consequence of our approach is that the mean micro-
state durations are significantly shorter than those reported
in many classical microstate papers. For all vigilance states,
the MMD values in the present study were shorter than those
found in Brodbeck et al. (2012), where the interpolation
method was used: 21.9 vs. 44.8 (W), 28.3 vs. 44.9 ms (N1),
31.4 vs. 57.9 ms (N2), and 53.3 vs. 81.4 ms (N3). Between
sleep stages, we found a higher MMD in N1 compared to
‘W, while Brodbeck et al. (2012) found almost no difference.
The MMD difference of microstates A, C and D between N1
and N2 was not significant in our study. Both studies agree
that the largest MMD increase exists between W and sleep
stage N3, with a MMD in N3 between two times (Brodbeck
et al. 2012) and two-and-a-half times (+ 143% in our study)
higher than in wakefulness.

Our additional metrics, however, demonstrate that the
transition from W to N3 is accompanied by a smooth, con-
tinuous slowing of microstate dynamics. The relaxation
time of the transition probability matrix, a time constant
that describes how fast a stochastic process returns to equi-
librium after a perturbation, captures the continuous aspects
of microstate dynamics. Its inverse, the spectral gap is shown
in Fig. 2 and shows a monotone decay across the vigilance
states. The limitation of the relaxation time approach is its
temporal scope, which it inherits from the transition matrix,
i.e. it only considers single time step dynamics (r — ¢+ [).

We therefore included further time steps in our analysis
using the (finite) entropy rate with a time window of 24 ms.
The (finite) entropy rate behaved in exactly the same way
as the relaxation time, as illustrated in Fig. 2. With deep-
ening sleep stage, the entropy rate decreased continuously,
and clearly correlated with the microstate duration. The
entropy rate of a microstate sequence measures the amount
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of surprise about the next microstate, given knowledge about
its history (conditional entropy). The decreasing entropy rate
during sleep means that more information about the next
brain state is contained in the immediate past brain activ-
ity, rendering network transitions more predictable, and less
complex. The complexity of the microstate process however
can be defined in different ways and cannot be interpreted
without taking into account the underlying frequency at
which these processes run. When oscillatory brain activity
with a given complexity slows down by a given factor, its
entropy rate will decrease accordingly, yielding a more pre-
dictable process. However, the process would still be able to
encode the same amount of information per oscillation cycle,
it would just be stored over a longer time window. Therefore,
the notion of complexity has to be used carefully, and in
a well-defined context. A different definition of microstate
sequence complexity (Lempel-Ziv compression), correct-
ing for the underlying “carrier frequency” was used by Tait
et al. (2020) and a similar approach was used by Artoni et al.
(2022). Direct comparison with our results is difficult as
these studies remove all duplicate microstate labels before
compression. This leads to a highly non-uniform distor-
tion of the time axis, as the sequences ‘AAAABAB’ and
‘ABABBBB?’, for example, would be identical after removal
of duplicate labels. They are both transformed into ‘ABAB’
before complexity is computed. Our approach however,
focuses on time series features for which the integrity of
the time axis is essential. Despite the methodological dif-
ferences it is interesting to observe analogies such as the
decrease of Lempel-Ziv complexity during deeper states
of propofol-induced anesthesia (Artoni et al. 2022), and the
reduced entropy rate during deep sleep found in this study.
Direct comparison of different methods on the same data set
would give further insights.

Another assessment of microstate sequence structure over
short time scales is to test their deviation from low-order
Markov models, as tested by formal Markovianity statis-
tics. Earlier analyses of wakefulness EEG demonstrated
that microstate sequences show very strong deviations from
Markovianity (von Wegner et al. 2017). Similar observations
were obtained here for W, N1, and N2, where the Markov
property was rejected in all data sets. We did not expect to
find that n=10/19 N3 recordings gave test results compat-
ible with a second-order Markov process, as compared to a
third-order process. In other words, 10 out of 19 microstate
sequences had ¢ — ¢+ [ transition probabilities that were
fully predicted by the microstates at time points f and -1,
whereas addition of the microstate label at -2 had no further
predictive effect.

This observation, together with the lower microstate
entropy rate, speaks for a more restricted, and therefore more
predictable trajectory of the underlying neuronal ensembles
in deeper sleep stages. We use the term trajectory in analogy
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to dynamical systems models of neuronal activity. A single
microstate map summarizes the simultaneous activity of a
very large number of neurons. From a modelling perspec-
tive, the temporal evolution of this large neuronal ensemble
is a multivariate dynamical system (Deco et al. 2008). In
this picture, microstate sequences can be seen as a discrete
approximation to the continuous dynamics described by a
vector of 30 (number of EEG channels) coupled voltage
variables. In our case, the microstate algorithm partitions
the state space into four discrete regions, each region being
represented by a microstate map. The lower entropy rate of
microstate sequences in sleep corresponds (0 a more predict-
able trajectory in the discretized space, and it can be hypoth-
esized that the non-discretized, continuous trajectory would
also be more predictable. During complex cognitive tasks,
the largest microstate entropy rates have been observed in
subtasks with the highest cognitive workload and the low-
est degree of cognitive control (Jia et al. 2021). The current
results extend these observations while pointing in the same
direction, as they suggest a further decrease in cognitive
workload with deepening sleep. Our results also suggest
that other than cognitive control mechanisms can restrict the
degrees of freedom with which microstates are generated.
We hypothesize that sleep-specific network mechanisms,
including subcortical and brainstem activity, might restrict
microstate dynamics in sleep, as opposed to cortical cogni-
tive control mechanisms during cognitive task execution. It
can be hypothesized that a partial isolation from external
sensory stimuli as well as the synchronized slow wave activ-
ity organize and restrict cortical activity and thus, microstate
dynamics.

Periodicities

Finally, the hallmark of EEG recordings are oscillations in
different frequency bands, and the frequency composition of
ongoing EEG in wakefulness and sleep shows marked differ-
ences (Rechtschaffen and Kales 1968; American Academy
of Sleep Medicine 2007). The relationship between micro-
states and EEG frequencies is still unclear and has been
addressed in several studies. Britz et al. (2010) reported a
lack of correlation between the power of EEG frequency
bands and microstate prevalence during wakefulness. Comsa
et al. (2019) detected an association of microstate D with
EEG functional connectivity in the theta band during the
transition from wakefulness to drowsiness. Shi et al. (2020)
investigated the instantaneous EEG frequency during the
lifetime of individual microstates and found that five micro-
state classes had very similar marginal EEG spectra dur-
ing propofol sedation. Abreu et al. (2021) used topographic
time-frequency decomposition, a technique which yields a
time-frequency plot for each microstate map (Koenig et al.
2001), and reported characteristic EEG frequency spectra

30

for ten different microstate maps. None of these techniques,
however, tests for the periodic appearance of the microstate
labels themselves. We introduced and validated a technique
for microstate frequency analysis in a resting-state EEG
study set (von Wegner et al. 2017), and found that alpha
oscillations (10 Hz) were linked to periodic microstates with
twice that frequency, i.e. a minimum recurrence interval of
50 ms. Frequency doubling was explained by microstate
maps matching the EEG topography twice per alpha cycle,
due to the fact that alpha oscillations invert their polarity
every half-cycle (50 ms), and the polarity-ignoring property
of the microstate fitting algorithm (Lehmann 1971).

The preprocessing applied to microstate sequences is
expected to affect their periodic features. Several smoothing
strategies have been suggested for EEG microstate sequences
and they are used with different parameter settings by dif-
ferent authors. Two prominent strategies are (i) regularized
smoothing (Pascual-Marqui et al. 1995), and (ii) ‘interpola-
tion’ of microstate labels between GFP peaks, i.e. using the
microstate class fitted to the closest GFP peak (e.g. Lehmann
etal. 1987, 1998; Koenig et al. 2002; Brodbeck et al. 2012).
We expect that any smoothing strategy will attenuate or even
abolish periodic sequence features when the smoothing time
window approaches the corresponding oscillation period. In
wakefulness, a smoothing window size close to 50 ms would
most likely affect periodicities. Smoothing time scales close
to or even beyond the periodicity time lags observed here
have been used in the past (Tomescu et al. 2014).

Wakeful Rest

In wakefulness, we reproduced clearly defined oscilla-
tory microstate dynamics related to the underlying alpha
frequency band as described in von Wegner et al. (2017).
The mutual information (autoinformation) of microstate
sequences had peaks coinciding with all local extrema of the
autocorrelation function of the underlying EEG. As entropy
values are non-negative, local maxima of the AIF occur at
the locations of local minima and maxima of the ACF. This
observation confirms that the functional networks captured
by microstates activate periodically during wakefulness.

Sleep Stage N1

Microstate frequency analysis shows that the differences
between W and N1 go beyond the change in microstate D
topography and general EEG slowing. Even though brain
activity in N1 can effectively be described by the four
microstate classes, the regular periodic activation profile
is almost completely lost in a brain state that corresponds
to drowsiness. This observation lifts the EEG definition
of sleep stage N1 to the network level. Sleep stage N1 is
assigned when less than 50% of a 30 s EEG segment shows
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the posterior dominant rhythm, usually in the alpha band,
which is replaced by low amplitude mixed frequency activ-
ity (American Academy of Sleep Medicine 2007). Our
analysis shows that the loss of the occipital alpha rhythm
is accompanied by a temporal disordering (loss of perio-
dicity) on the level of EEG microstates. It can therefore be
hypothesized that loss of microstate periodicity may be a
useful marker in other types of drowsiness, as caused by
pharmacological agents or neurological conditions. The
observation that microstate sequences can be linked to N1
theta oscillations, although observed in only one subject, is
a novel finding, demonstrating that sleep-related networks
can also activate periodically in the theta frequency range.

Sleep Stage N2

Microstate properties averaged over sleep stage N2 seg-
ments showed further slowing of microstate dynamics,
but no spectral peaks. Isolated sleep spindle segments,
however, showed periodic microstates linked to the sleep
spindle frequency of 12.5 Hz. Similar to other frequency
bands, the principal AIF latency coincided with half the
spindle oscillation length (40 ms, or 25 Hz), suggesting
that the mechanisms leading to frequency doubling, as
detailed above, are also valid for sleep spindle oscillations.
Sleep spindle statistics were different from other frequency
bands in that the microstate AIF peaks did not exceed the
Markov confidence interval, indicating that the absolute
information content contained in these oscillations was
not larger than that contained in the equivalent Markov
model. In line with this observation, the explicit Markov
tests of these short microstate sequences showed no devia-
tion from a Markov process. However, this effect is mainly
due to the low number of samples used. We tested this by
using short higher-order Markov surrogates. These higher-
order properties could not be detected by the Markovian-
ity tests in sequences as short as sleep spindles, whereas
longer sequences were classified correctly (analysis shown
in supplementary Table S3). These statistical effects might
also have played a role in early microstate studies where
15 s microstate sequences were classified as Markovian
(Wackermann et al. 1993).

The statistical significance of sleep spindle associated
microstate oscillations is proven by the AIF peak test that
quantifies the observation that none of the Markovian sur-
rogates had AIF peaks. The finding of periodic microstates
during sleep spindles provides an interesting link between
sleep spindle-linked EEG spiral waves (Muller et al. 2016)
and the rotating EEG phase patterns we identified as a
basic mechanism underlying periodic microstates during
wake EEG (von Wegner et al. 2021).
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Sleep Stage N3

Network activity during sleep stage N3, which is charac-
terized by delta frequencies (0.5-3 Hz), shows the same
qualitative behavior as found in the other vigilance states,
i.e. periodic microstates that are closely linked to the EEG
frequency spectrum, but transposed into the delta frequency
band. A recent study identified the four canonical micro-
states in slow-wave sleep and mapped them to well-known
functional networks (auditory, executive control, saliency)
defined by independent component analysis from fMRI data
(Xu et al. 2020). Combining these results with our study, we
can predict that fMRI-defined networks should also acti-
vate periodically, with an oscillation length of approximately
1 Hz. The time scale of these oscillations is still faster than
the sampling rate of most fMRI sequences, which makes
experimental verification challenging. Since fMRI resolves
at timescales that depend on the repetition time (TR) of the
scanning as well as on the blood flow rate (Demetriou et al.
2018), we believe that microstate dynamics add relevant
information about the neurobiology of sleep by revealing
network behavior in the sub-second range.

An earlier analysis of the data set presented here revealed
that increasing delta activity was correlated with a loss of
functional connectivity within occipital areas, as well as
between occipital and central areas (Tagliazucchi et al.
2013) while other studies found disintegration of mediofron-
tal functional networks during sleep (Horovitz et al. 2009;
Bréchet et al. 2020). Since different brain areas have to acti-
vate in a phase-locked manner to produce a stable microstate
topography (Koenig and Valdés-Sosa 2018), these connec-
tivity changes might explain the altered microstate map D
topography in sleep, where occipital and frontal areas appear
to be dissociated from the microstate D network. The exact
mechanisms underlying these connectivity changes remain
to be clarified. Early cellular studies suggested a role of the
thalamus in generating and synchronizing cortical delta
oscillations but also pointed out that the cortex can gener-
ate these frequencies without thalamic input (Amzica and
Steriade 1998). On the other hand, we know that the thala-
mus disengages from supratentorial networks in N3, instead
joining a functional module which contains the cerebellum
(Tagliazucchi et al. 2013). This functional uncoupling of the
thalamus from the cortex would rather suggest less synchro-
nized cortical networks in N3, contradicting our empirical
evidence from microstate analysis. This line of arguments
shows that the insights obtained from different modalities
(cellular recordings, surface EEG and fMRI) are not casily
integrated in a framework using simple models of regional
(de-)activation and functional coupling. However, within the
EEG microstate framework, our analysis demonstrates that
1 Hz oscillations are a robust and statistically significant
phenomenon.
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Conclusion

EEG microstates are dynamic and periodic phenomena and
occur at variable frequencies that are closely related to the
dominant EEG frequencies in different vigilance states. We
demonstrated that microstate dynamics continuously slow
down across the NREM sleep stages and that oscillatory
microstate dynamics linked to alpha, theta, delta and sleep
spindle frequencies are observed whenever EEG signals at
the sensor level show defined spectral peaks. These find-
ings suggest that the oscillations observed at individual
electrodes extend to oscillatory activity of large-scale brain
functional networks.

Supplementary Information The online version contains supplemen-
tary material available at https:/doi.org/10.1007/s10548-023-00971-y.
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Anhang

Abbildung 1
Frequenzspektrum (links) und korrelierende Autokorrelationsfunktion (rechts,
schwarz) des EEG (gemittelt Gber alle Probanden) im Vergleich zur Microstate-

Autoinformationsfunktion (rot) im Wachzustand.
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Abbildung 2
a) Frequenzspektrum (links) und korrelierende Autokorrelationsfunktion (rechts,
schwarz) des EEG (gemittelt Uber alle Probanden) im Vergleich zur Microstate-

Autoinformationsfunktion (rot) in N1.

b) Frequenzspektrum (links) und korrelierende Autokorrelationsfunktion (rechts)
im Vergleich zur Microstate-Autoinformationsfunktion (rot) eines Probanden mit

dominantem Theta-Rhythmus in N1.
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Abbildung 3
a) Powerspektrum (links) und korrelierende Autokorrelationsfunktion (rechts,

schwarz) des EEG (gemittelt Uber alle Probanden) im Vergleich zur Microstate-
Autoinformationsfunktion (rot) in N2.

b) Powerspektrum (links) und korrelierende Autokorrelationsfunktion (rechts,
schwarz) des EEG (gemittelt Gber alle Probanden) im Vergleich zur Microstate-

Autoinformationsfunktion (rot) fur Schlafspindel-Segmente (extrahiert aus N2).
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Abbildung 4

Powerspektrum (links) und korrelierende Autokorrelationsfunktion (rechts,
schwarz) des EEG (gemittelt Gber alle Probanden) im Vergleich zur Microstate-

Autoinformationsfunktion (rot) in N3.
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Abbildung 5

AIF Peak Test, hier dargestellt am Beispiel des Wachzustandes: Die
Autokorrelationsfunktion des Alpha-EEG (rot) weist ein erstes lokales Minimum
bei 52 ms auf, das erste lokale Maximum liegt bei 100 ms. An diesen
Lokalisationen liegen auch die Ilokalen Maxima der Microstate-
Autoinformationsfunktion (blau). Um diesen Zusammenhang zu quantifizieren,
wird das Integral unter der blauen Kurve um die erwarteten Peaks herum (in
einem Fenster von -/+ 2 Abtastintervallen, blau unterlegte Flache) verglichen mit
dem unter einer Kurve, welche sicher keine periodischen Eigenschaften aufweist.
In diesem Fall werden Markov-Stellvertretersequenzen (synthetische Markov-
Reihen erster Ordnung) genutzt, deren Autoinformationsfunktion in grin
dargestellt ist. Zur Korrektur von systematischen Unterschieden in der Gro3e der
AlF-Koeffizienten werden beide Integrale zur Flache unter der jeweils gesamten
Kurve normiert. Das bestimmte Integral wunter der Microstate-
Autoinformationsfunktion ist im Verhaltnis zu der Flache unter der gesamten
Microstate-AlF  signifikant groRer als jenes unter der Stellvertreter-
Autoinformationsfunktion im Verhaltnis zur Flache unter der gesamten
Stellvertreter-AlF (p < 0,001 im Mann-Whitney-U-Test), sodass die Peaks der
Microstate-Autoinformationsfunktion als  statistisch  signifikante, genuine
Eigenschaft der Microstate-Sequenz gegenuber Symbolabfolgen einfacherer

Struktur angesehen werden kénnen.
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