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This is dedicated to my mother who passed before she could see her dream come

true and to my husband wiapported me through it all. This is thanks to you.



ABSTRACT

This project investigated whether unsupervised machine learning could detect
differences in global or local microstates across different rodent brain, in the effects of
procedural learning, and clustering validity indices effectiveness. Previously obtained
local field potential recordings of M1 and the hippocampus of fleehaving male rats
under naive and task conditions, including transcranial direct and alternating current
stimulation (tDCS; tACS), were analyzed and used to assess several metholtsalwo
SWSlike REM microstates were detected along with five global microstates. Learning
suppressed cortical SWi&e REM microstates, but tDCS negated this effect. Calnski
Harabasz evaluated clusters had the highest sensitivity, specificity and ¢otalcyc
Local and global brain states were effectively detected using PCA and clustering, and
measures of phasemplitude coupling were sensitive to the task conditions. These
changes could underlie consolidation windows for procedural learning with ipbtent

intervention by tDCS although these results are limited to due the quality of the dataset.
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1. General Introduction

It should be emphasized that this project is a methodological one that explores the
detection capabilities of a sample dataset.

First, this paper will establish the definitions of key terms in this paper as a
number of them hawvearious meaimgs throughout the literature.

Perhaps the most fundamental definition is that of an oscillaaaepetitive
displacement, especially in time, around a central value. A swinging pendulum is an
example of a spatial oscillation. This papenaerns itself with electrical brain
oscillations. These are generated by the repetitive firing a neuron or neurons, depending
on scaleandcan be generated by either spatially and/or temporally connected neurons
(Cole & Voytek, 2017)For LFP recordingst is assumed that the dipole generated by
the movement of charges in and out of firing neurons is spatially limited to only one or a
few proximal neurons although other signals may be present and should be accounted for
(Kajikawa & Schroeder, 2011)

Brain oscillations form the foundation for the level of consciousness, or brain
state, exhibited by an organism. These can be broader such as awake, asleep or comatose
or more specific like alert or drowsy. This project focuses on three brain states: awake, in
REM sleep or in notREM sleep. It was generally heldat these states were glohal i
the entirety of the brain could only be in one state at a time such that if an organism was
in REM sleep, all brain regions would exhibit REM sleep characteristicsniRece
research supports the presence of local states where the majority of the brain will be in
one state while a minority ofregiomsi | | exhi bit traits of anot|

2019). There is even a medical disorder where parts of the brairaeshep state while



the individual is still awake (Vyazovskiy et al., 2011).

In addition to the occurrence of local states during global ones are finer divisions
within brain states, particularly sleep states. In humans, the most recognizable of these
arethe stages of sleep, which humans cycle through during a regular night's sleep. The
stages have distinct traits that are evident not just in the braithrbuglout the body. In
animals these stages have not been as definitively established with onlgiREM
NREM, usually called slow wave sleep, being the only consistent divisions. However,
there is emerging evidence that SWS and even REM in both humans and animals may be
more finely divided into microstates. The theory is that there may be consisiedsper
within brain states that underlie specifirain activity and functions.

One such function is consolidation although it may be more accurate to consider
this a category of related functions. Consolidation is a complex series of processes that
beginswithin minutesand hourof acquisition and can continue for years and even
decadesn some specie@icGaugh, 2000)It can be broken down into synaptic
consolidation, which occurs following acquisition and creates a memory which persists
for 24 hourgClopath, 201 From there, systems consolidation creates a persistent
memory with a transfer from the hippocampus to the cortex. Systems consolidation is
multifaceted with numerous theories as to the precise mechanisms governing the many
types of memorieand brain regions involveg@dntony & Schapiro, 2019)For instance,
the amygdala, especially the basolateral nuclei, is heavily involved in emotional memory
consolidation and plays a significant role in fear conditioiBerkers & Kindt, 2017)

There aralso differences in consolidation and retrieval of declarative and procedural

memories. An oftited reason for this is because amnesiac patisaisifualslacking



declarative memory) can learn and retain novel procedural tasks, the process of
consolidation between the two types of memory must also be seff@uaitéeldt, 2019)
Finally, there's also reonsolidation, a hotly debated phenomenon whereby consolidated
memories are retrieved and consolidated a@@@tkers & Kindt, 2017)It's been
proposéd as a mechanism for modifying existing memories and as a tool in
psychotherapeutic practice.
1.1Unsupervised Machine Learning

Machine learning is a subset of artificial intelligence that refers to the algorithms
and models that information processorstosgerform tasks while relying on patterns and
inference (Lloyd et al., 2013; Bishop, 2006). Machine learning can be further divided into
three categories: supervised, unsupervised, and reinforcement learning. In supervised
learning, the algorithm is givdraining data, sample datfaat contains known input and
matching output data. For example, a publisher wants to know when households cancel
their subscriptions. They have the subscription history of 10,000 households, 5,000
cancelled and 5,000 st8lubscribed. The data of 4,000 cancellation households and 4,000
subscribed households is given to the model. The model is then used to predict the
subscription status of the excluded households, which can then be compared against the
real subscription stas to calculate the accuracy of the modeljustmentsare thermade
in order to minimize the differenséetween the known output and the one generated by
the algorithmand increasing the accurady.unsupervised learning, there is no training
data set and the algorithm uses the characteristics in the data to find similarities and
differences to form clusters of like daReinforcement learning generally involves a rule

or condition set that thegdrithm follows to achieve a goal with penalties and rewards



assigned for failures and successes in a dynamic enviroribheyd et al., 2013). In

other words, the algorithm monitors the response to the actions taken and measures that
against a defineceward or penalty in order to judge the quality of its performarice.

guality of a run can be considered good or WwéaH the algorithm adjustingubsequent

runsto improve the quality by usinfigwer movesgettingfaster completion timetc.

Board gares and video games are popular environments for these algorithms. For this
study, unsupervised learning is used to find brain states and substates using an unlabelled
EEG data set. The unsupervised learning paradigm usesibans clustering algorithm

asit is relatively popular, accessible and is relatively insensitive to noise although it can
be slower than other algorithms i.e. require a higher number of iterations and may
occasionally fail to differentiate between small and large clusters near afyetbdr

(Arbelaitz et al., 2013; Hamalainen et al., 2017).

Fundamentally, clustering is a method of grouping observations together based on
how similar they are to each other. Similarity can be defined as a measure of closeness,
often called distance. Phgal distance is a positive value defining two points in relation
to each other. For example, Hawaii is 6,600 kilometres from Japan and Japan is 6,600 km
from Hawaii, but it could not be said that Hawait6s600 km from Japan. The
mathematical distancestween data points is relative to zero, so any point can have a
negative distance. When comparing the distance between points, having opposing signs
would negate the effect. So clustering algorithms implement a variety of distance
measurements that prevesaimming positive and negative values together. One of the
most common is squared Euclidean distance, which is used in this study and is passed to

the kmeans algorithm. The-keans algorithm, originally published by Lloyd (1982) and



then later refined dsmeans++Arthur & Vassilvitskii, 2007), begins with a randomly
selected data point being used as the centre of the first cluster, asskmunglaer of
clusters. The steps forrkeans++ are as follows:
1) Select an observation uniformly at random fromdhta setX. The
chosen observation is the first centroid, and is dermted
2) Compute distances from each observatiotyt®enote the distance
betweerc; and the observatiomasd (Xm, G;).
3) Select the next centroid; at random fronX with probability

(1)

2

~

Q
B 1Q

e g
E‘g

Y

4) To choose centgr

a) Compute the distances from each observation to each centroid, and

assign each observation to its closest centroid.
b) Form=1,..nandp=1,...j7 1, select centroiflat random fronX

with probability

2
Q ® ho
B n Q ®ho

whereC; is the set of all observations closest to centcp@hdxm

belongs tdCy.



That is, select each subsequent center with a probability
proportional to the distance from itselfttee closest center that
you already chose.

5) Repeat step 4 untdcentroids are chosen.

There are two key weaknesses of the original algorithm: lengthy running time i.e.
high number of iterations before convergence, and arbitrarily poor initializaading
to a poor clustering result. These shortcomings were improved uplos kmeans++
algorithm, increasing the speed (lower number of iterations to convergence) and accuracy
(improved initialization; Arthur & Vassilvitskii, 2007).

A key componat of the kmeans algorithm is selection okaumber of clusters.

The selection of k can be done in a number of ways, the most common being the use of a
cluster validity index (CVI; Kaufmann & Rousseeuw, 1990). CVIs establish a rule that
selects the optial assignment of data pointskalusters. Just as there are different ways

of defining distance, there are different ways to value different distaflcesptimal
separation of data points and clusters varies with the type and purpose of a Tatsset.

CVI can be selected to maximise distances between clusters or minimize distances
between points within a cluster or a number of other criteria as needed.

There are dozens of indices femeans clustering including Dunn, Gamma, C,
negentropy inci@ent, Sym, and COP to name a few. A review by Arbelaitz et al. (2013)
offers a comprehensive examination of these indices. A key finding of that review was
that CVIs could be grouped into three tiers, with the CVIs in the first tier having the most
optimalperformance overall and those in the third having the poorest. Each tier was

significantly different from the other tiers, but CVIs within a tier had little or no statistical



differences between them. Within a tier, CVI performance varied in regarddificpe
data characteristics such as type and amount of noise, cluster density and degree of
overlap, but no single CVI performed well with all data types. For the purposes of this
study, three first tier CVIs were selected and compared: Silhouette (SH¢sBawldin
(DB) and CalinskiHarabasz (CH).

Thefirst aim of this study is to determine the relative effectiveness of the
three similar CVIs and the suitability of k-means clustering for the detection of
states and microstates
1.2 Brain State Characteristics

Neuronal oscillations, or brainwaves, which are produced by spike trains, local
field potentials (LFP) or synchronous neuronal ensemble oscillations, form the
foundation for fundamental cognitive functions such as perceptiotorroontrol,
memory and information transfer (Bakar et
2005). LFP is thetransientelectric potentiabf the extracellular spacgypically of
spatially and/or temporally summed neuragsnerated by changesthe concentration
of ions immediately outside the cell or cells in question as a result of cellular electrical
activity (Buzsaki et al., 200)2These oscillations, which arbservable at every level of
the nervous systerman be detected through electroencephalography (B&®%)
characterised by their frequency in Hertz (Hz), amplitude in millivolts (mV), and phase in
degrees or radianRecent advances in modelling techniques and ever improving EEG
resolution has allowefbr even spike train oscillations to be detected by EEG (Haumann
et al., 2019)EEG recordings can be invasive or fiouwasive, lowdensity or high

density, but conventionally refers to nmvasive, scalgecordings with lower resolution



than LFP whichs also called micrg depth or intracranial EEG (Buzsaki et al., 2012).
Frequencies are grouped into EEG bands, or ranges, in order of lowest to highest
frequency: delta, theta, alpha, beta and gamma.

The precise frequencies involved vary and some bamdtigher divided such as
beta into beta one (115 Hz), beta two (120 Hz) and beta three (4® Hz) in humans
(Abhang et al., 2016). They can be further characterised by the cortical and subcortical
structures that produce or propagate them. For exathgleholinergic alpha band is
generated by the thalamic pacemaker cells and propagated to the occipital lobe (Li et al.,
2017). Thus, EEG bands not only serve as electrical landmarks useful for targeting
specific brain structures, but those same strastuan also be used as a reliable source
for studying these bands. Furthermore, frequency bands also form tight associations with
specific brain states related to cognitive functions; such as the frontal midline theta band,
which often presents during aation of the hippocampus, insula and superior temporal
areas among others (Li et al., 2017; Kathner et al., 2014). In humans, theta increases with
mental workloads and is associated with probsmiving, selfmonitoring, impulse
inhibition, working memoryand other encoding processes (Gevins et al., 1998; Gundel
& Wilson, 1992; Holm et al., 2009; Mecklinger et al., 1992). Thus, patterns of neuronal
activity can be said to have functional relevance characterised by both frequency and
location.

The generalvaking brain state is characterised by{amplitude, desynchronous
alpha, beta, and gamma activitythe cortex while the waking activity of subcortical
structures varies by speci@itton et al., 2016)Different cognitive functions and levels

of alertness occurring during waking periods are often linked with specific EEG bands in



a specific brain region (Hinterberger et al., 2014). For example, the cholinergic alpha
waves predominate in the occipital lobes dgnvakeful relaxation especially in the
dominant hemisphere (RoeAgizi et al., 2017).

The sleeping brain is divided into two general states: rapid eye movement (REM)
sleep and nomapid eye movement (NREM) sleep, often called slow wave sleep (SWS)
in aninals. In humans, NREM is divided into N1, N2, N3 and N4, with N3 and N4
commonly grouped together as one deep stésge(Harvard University, 2008)A
resource from the Division of Sleep Medicine at Harvard Medical School, Produced in
partnership with WGBHEducational Foundation". Harvard University. 2008. Retrieved
200903-11. "The 1968 categorization of the combined Sleep Stagew&s reclassified
in 2007 as Stage N3.")n animals, NREM can be divided inteocorticalUP states, or
periods of robust$pk i ng acti vity (fAONO), and DOWN
neurons are silent or AOFFO (Steriade et
(2017) found support for low activity NREM microstates in freely behaving rats
( A L OWhnoajidition to thee UP and DOWN statesometimes referred to as sleep
smallamplitude irregular activity (S1A; Miyawaki et al., 2017; Pickenhain &

Klingberg, 1967; Bergmann et al., 1987; Jarosiewicz et al., 2002). The SIA acronym was
originally used to describe quiet kag patterns, so-SIA will be referred to as LOW in

this paper.Transitions between UP and DOWN states can synchronize global brain
activity and provide a potential window for hippocampaitical information transfer

(Rasch & Born, 2013; Sirota & Bu2da2005).Additional activity patterns also

characterise SWS includinrcomplexes (<1 Hz) arising from cortically generated slow

oscillations andleep spindles 16 Hz) and sharp wave ripples, containing a sharp wave

st .



(0.550 Hz) and a ripple (16800Hz; Buzséki, 2015; Cutsuridis & Graham, 201i)the
hippocampus

Sleep spindles are generated by thalamocortical loopsteadsed in the primary
sensory and prefrontal areas of the cortex (Luthi, 2014). Sometimes called sigma waves,
sleep spindles are bursts of activity with spiritke appearances on EEG and are often
accompanied by muscle twitches (Ulrich, 2016). Spindlsitiemcreases following
learning in both humans and animal studies (Ulrich, 2016). A related phenomenon, K
complexes, often precede sleep spindles and are positively correlated with DBWN
state transitions and stor&@ce reactivation (Johnson et 2010). Finally, sharp wave
ripples are specific to the hippocampus and surrounding brain regions, and are associated
with memory consolidation and reactivation, similar tedgmplexes (Buzsaki, 1989).

REM sleep, sometimes called paradoxical sleep (PEhaisacterised by a saw
tooth theta rhythm 32 Hz) in the rat hippocampus and is accompanied by
desynchronous cortical activity, similar to wake, and minimal muscular activity as
detected by electromyography (EMG) with the notable exception of the Rgegel &
Fuller, 2016). REM sleep is at the end of the sleep cycle and is associated with memory
consolidation and learning (Hasselmo & Stern, 20Athough the role of REMleepin
memory has been controversial due to the difficulty in isolating neatizity in REM
sleep, direct involvement of REM sleep in spatial and contextual memory consolidation
was confirmed in mice (Bandarabadi at al., 2019; Boyce et al., 208ithe current
theory proposes that both REM and +®EM sleep both contribute to mery
consolidation in cognitively normal, healthy braiRecent human fMRI studies show

preliminary support for microstates within REM; specifically, phasic and tonic REM

10



(PREM and tREM, respectively; Wehrle et al., 2007). Phasic REM is characterised by
limbic and parahippocampal activity and a lack of reactivity to sensory stimuli while
auditory stimulation during tonic REM elicited activation of the auditory cortex. Thus,
tREM is a period of residual alertness while pREM is a period of functional @olati
within a closed intrinsic loop. Jing et al. (2016) found numerous potentigthses in
SWS and REM sleep using factor analysis. This suggests that tREM and pREM, in
addition to other microstates, could be conserved between humans amanmam
animals

The precise frequency ranges described by EEG bands in both human and animal
studies are somewhat arbitrary. Human EEG bands do not correspond exactly with their
animal counterparts. A review by CoefSabrera et al. (2001)beerved that EEG bands
usedin animal studies were either arbitrarily determined, borrowed from human studies
without consideration or no division at all was considered and that the lack of consensus
among investigations was detrimental to the field. Another review (Catsiera eal.,
2000) noted that human studies had similar problems, with EEG bands rarely
corresponding with EEG generators or with functional meaning of EEG rhythms.

To illustrate, the delta range is generally accepted as having a lower limit of 0.5
Hz, but rese@hers have used an upper limit of anywhere between 2 and 4 Hz.
Sometimes even ranging from 6 to-12 Hz (Steriade & Deschenes, 1984). Such
differences can arise from whether the animal is under anesthesia or not, due to the
changes in the level of membehyperpolarization (Steriade & Llinas, 1988). This alone
presents a challenge when discussing the properties of the delta range in various brain

structures and the problem is only compounded with edzdeguent frequency range.

11



Thus the secondaim of this study is to examine the precise frequencies
involved in EEG bands using norarbitrary techniques such as timeresolved phase
amplitude coupling and determine the relevance of these frequencies with respect to
states and sbstates/microstates vithin wake, NREM and REM, using the
previously recordedEEG information gathered from the hippocampus and the
primary motor cortex in Fischer-Brown Norway rats.
1.3Sleep and Motor Learning

Learning, or the acquisition stage of memory, can be separabgaratedural
learning andnemory, largely noihippocampusiependent, and declaratikarning and
memory, hippocampudependent. This difference was most infamously demonstrated by
the patient H.M. following a bilateral medial temporal lobectomy. WitHdke of his
hippocampus, H.M. lost the ability to form new explicit memories, though his procedural
memory and working memory remained intact (Scoville & Millner, 1¥Zhenbaum,

2013.

The role of sleep in the storage, or consolidation, of declaragveany is weH
established (Rasch & Born, 2013), but despite evidence for sleep improving performance
of motor skills, a metanalysis found no conclusive evidence that sleep enhances
consolidation (Richard & Pan, 2017). Further investigation revealeceat@tsource of
variance: baseline learning performance. In one study, offline gain in motor skill
performance was dependent on thegleep performance such that only performers of
intermediate skill presleep showed significant improvement psigtep,with spindle
counts correlated with the degree of improvement (Wilhelm et al., 2012). No such

improvement was found in pideep high or low performers. In another study,
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performance only improved in fast learners and not slow ones (Albouy et al., 2008). A
comparison of motor skill performance following daytime wakefulness or nighttime sleep
showed better improvement following sleep (Rangtell et al., 2017). The same study also
found that baseline performance levels played a role in improvement regardless of
whether wakefulness or sleep followed the learning period (i.e. high performers had
smaller improvement than low performers regardless of whether they slept or not after
learning). These improvements were only evident when the average retestirsgtnats
were divided by the last three learning trials and not the three best learning trials.

It is therefore reasonable to consider that some aspect of sleep contributes to the
stabilization and enhancement of procedural memory. Theshird aim of this study
is to determine whether anychanges to astate ordue toa procedural memory
paradigm (i.e. mediated by nehippocampal brain structuresan be detected

Sleep phenomena may also exhibit differences induced by the procedural memory
paradigm. Thughe fourth aim is to determine whether any extant phenomena
affected by procedural learning, most especially during sleegan be detected as
well.
1.4 CrossFrequency Correlation

The electrical activity of neural networkbserved as oscillations by EEG
underlies cognitive functions such as perception, attention and memory (Canolty &
Knight, 2010; Schroeder & Lakatos, 2009; Shirvalkar et al., 2010). Gareyorm
rhythms categorized by the frequency in Hz.

Additionally, different frequencies also have different spatial scales with lower

frequencies modulating activity over larger spatial regions and higher frequencies
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modulating activity over smallespatial regions (von Stein & Sarnthein, 2000).

Furthermore, neural network activity associated with stimulus processing differs

depending on the phase of ongoing oscillations (Canolty & Knight, 2010). This gives rise

to a class of complex temporal and gdahteractions between different rhythms known

as crosdgrequency coupling (CFC; Canolty & Knight, 2010). These rhythms have two

key components that can be used to measure their interactions with other rhythms:

amplitude and phase. The interactions caplasehase (PPC), phasanplitude

(PAC), or amplitudeamplitude (AAC)as shown in Figure 1.4.The most common

analytical methods for PPC and AAC are susceptible to mathematical aititabt®ad

range of artificial and biological noise will produassults indistinguishable from

coupled frequencies (Gerber et al., 2016). This leaves PAC as the most reliable method.
PAC is a type of CFC, also known as a nested oscillation, where the phase of one

oscillation is coupled with the amplitude of anothefte®, PAC describes the association

between the phase of a lower frequency and the amplitude of a higher frequency (Canolty

& Knight, 2010).1t can be measured in a variety of ways including ptasdng value

(PLV), mean vector length (MVL), Kullbaekeibler-based modulation index, among

others However, no preferred measure has yet emerged due to the relative limitations of

each.Despite providing similar reliability and accuradlye principle limitation was the

inability to measure PAC streng{Bamiee & Baillet, 2017; Tort et al., 2018).

methodological study by Samiee and Baillet (2017) refined existing PAC analytical

techniques, allowing for greater temporal resolution, increased sensitivity and introduced

a measurement of PAC strengfhtPAC provides a measures of PAC locally i.e.

neuonal synchrony and integration withimegion whileinter-regional tPAC [RtPAC)
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assesses synchrony and integration between regions folRitCthe issue of accurately
detecting and measuring PAC resolviee question remains: What rhythms are likely
candidates with functional significancé#hile numerous rhythms can be coupled,
interactions between theta and gamma oscillations are a hallmark feature of CFC in the
hippocampus and have been implicated muber of hippocampedependent functions
(Lynn & Sponheim, 2016).

Selective optogenetic silencing of thetgythm generating cells during REM
sleep impairs the formation of contextual memory while preserving other types of
memory (Boyce et al., 2@). This impairment does not occur when these cells are
silenced during naiREM (NREM) or wakefulness. Further investigation of this
impairments reveals diminished thegfamma oscillation PAC concurrent with
impairment (Bandarabadi et al., 2017).

Crossfrequency coupling (CFC) within brain regions has been implicated in
memory and memorselated functions. The strength of thg@mma coupling in the
hippocampus predicted performance accuracy in-gentext learning tasks (item reward
dependent on environm&l context; Tort et al., 2009), matchitggplace tasks (skarm
radial water maze; Shirvalkar et al., 2010) and thenEtion working memory task
(Yamamoto et al., 2014). The strength of thgdanma coupling in cortical areas
including the medial andhteral prefrontal cortex predicted performance accuracy during
an attention task (Voloh et al., 2015). Working memory deficits across numerous
modalities have beerbeerved in people with schizophrenia (Lee & Park, 2005). During

a variety of working memortasks, those with schizophrenia had decreased theta and
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gamma amplitudespaent or abnormal gamma modulation and/or deficient synchrony
when compared with controls (Lynn & Sponheim, 2016).

CFC has shown clinical relevance especially in disease stdiethimuman
patients and animal models. Declinesinttggta mma coupl i ng preceded
overproduction in a mouse model of Al zheim
PAC during wakefulness and REM was diminished in A&Pmice (Zhang et al.,
2016). Crossrequency coupling has been expressed by theta, gamma and other
oscillations in numerous cortical areas in animal models including, the prelimbic cortex,
cingulate cortex, retrosplenial cortex, the primary and secondary visual cortex, and the
temporal cogx (Jing et al., 2016). Similar cortical involvement has also been
documented in humans. In a study by Reinhart (2017), endogenous theta band coupling
between the medial frontal cortex and the right lateral prefrontal cortex was non
invasively manipulatedn-phase stimulation in neurocognitively normal humans
synchronized theta coupling and rapidly improved performance in a classical time
estimation task (Reinhart, 2017).

Reinhard (2017) also notes aptiase stimulation impaired performance and
desynchraized CFC, but that state could be immediately rescued-plyase
stimulation. The persistent neural activity and behavioural changes following stimulation
suggests that this externally modified cou
result ofneuroplastic changes in functional connectivity. These findings open up the
possibility of drugfree interventions with bidirectional capability allowing for the

impairment of excessive synchrony or the rescue of deficient synchrony (Reinhart, 2017).
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While the presence of cro$sequency coupling within the waking brain has been
firmly established, its presence within the sleeping brain is more nebulous. Memory, of
any cognitive functions, seems especially sensitive to the strength cfregssncy
coupling, but whether that memory must be hippocargependent has yet to be
determined. There is a lack of data with respect to the simultaneous activity of both
cortical and subcortical regions in regard to CFC and it is unclear whether a CFC
interaction betwen brain regions plays a role in cognitive functions such as memory.

Due to thisthe fifth and final aim of this study is to determine whether the
sensitivity of CFC to memory and learning is limited to hippocampusiependent

memory and the role of thecortex in the event of either outcome
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Figure 1.4.1: Types of Cro$gequency Couplingd) Amplitude-amplitude coupling. E

Phasephase coupling C) Phasenplitude coupling. Adapted from Jirsa and Miiller, 2
Front Comput Neurosci, 78.Copyright 2013 Jirsa and Mdller.
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2. Materials and Methods
2.1 LFP Recordings

The EEG data used in this study was colleetetthe Tatsuno Lab of the Centre of
Canadian Behavioural Neuroscience at the University of Lethbimd2@15 and 2016
The data arérom two groups of adult male FischBrown Norway ratst(qvo groups of
n=3 for a total of n=pwith a sampling frequenayf 2000 Hz. The data acquisition was
part of a research program exploring transcranial direct and alternating current
stimulation (tDCS and tACS, respectively). Twisted bipolar electrodes (~600 pm tip
separation) were bilaterally implanted in the hippogasnand in the dominant
hemi sphereds primary motor cortex (this wa
Dominance was determined blgserving the favoured forelimb used in the Wishaw
reaching task paradigduring habituationEMG electrodes were bilatenalimplanted in
the acromiotrapezius muscle. A single stainless steel ground screw was also implanted in
each r at dre Udveraity of bethbridge Animal Care Servieesl the
Canadian Council on Animal Cageiidelineswere followed for all surgicand
behavioral procedure$wo animals were excluded from the task analysis due to
insufficient recording days shared with the other subjects as well as one animal that
removed its recording electrodeaus, the task data for only three animals was Udesl.
stim conditions applied to each animal is listed in Table 2.1.1. These subjects shared four
of twelve task days (Days 1, 3, 8 and 8) which were then analyzpde 2.1.1 shows

representative raw LFP recordings.
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Table2.1.1: Subject Stimulation by Task Day. Three subjects underwent the procedt
learning task with the same timing. tDCS was delivered duringggieREM. tACS was
delivered during posiask SWS.

Rt Day 1 3 6 8
3 tDCS tDCS tDCS tDCS
4 Sham Sham Sham Sham
6 tACS tACS tACS tACS

Hippocampus Primary Motor Cortex

REMAfllfwl*u\".ﬁwv{&uﬁwmJ'tMM‘%"'L’W‘*L‘M\MMNWW AN ks / e
" h e Az s i
1s o

Figure 2.1.1 Raw LFP Dat&or baseline, animals were placed in the sleep pot for
approximately 2 hours uninterrupted. For task, animals had about 1 hour in the sle
followed by the reaching task in theaching box. This was followed by another hour
the sleep pot.
2.2 Sleep Scoring

For automated sleep scoringcl recording was initially divided into motionless
and noamotionless epochs according a movement threshold of 1.5 times the median of
the EMG signal. The median was chosen for its resistance to outliers. Motion epochs less
than one second were removed along with motionless epochs less than 20 seconds. The
recordings were then dowsampled and bangass filtered as an initial preprocessing
step. In order to reduce fragmentation, SWS and REM epochs were merged within 5
seconds of each other and epochs with durations under 10 seconds were removed. Theta
(5-12 Hz) and delta (& Hz) were obtained from hippocampal CA1 recordings and
applied to REMdetected. REM epochs were found by calculating when a ratio of theta to

delta power divided by EMG amplitude exceeded a threshold of thpeBBentile of the

overall ratio during a motionless epod&s the REM and SWS detection algorithms run
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independently of each other, automated and manual checks were run to ensure no
overlap.When an overlap occred epochsvereeither truncated or removed, depending
on which ratiowaslarger. In addition, suspect REM epogchperiods that were scored as
REM, but did not contain recognizable thetillations that the automatic scoring script
failed to remove were manually removed. SWS epochs were calculated by taking the
ratio of delta power to theta power divided by the EMG amplitile. SWS epoch
threstold was also the 85percentile of the overall ratidlotionless periods that failed to
meet both the SWS and REM thresholds remained classified as wakefulness periods
These periods were not distinguished freakefulness with motion over thiereshold.

For manual scorindhaseline recordirgywith an available videwereverified
manually Each0.5s econd was categorized as either
checked against the automatic sleep saftex a binary conversion (motion = 1,
motionless = O)Periods of motionlessness or Amtionlessness were required to have a
minimum duration of 5 secondBhe automatic scores needed to agree within a 10%
tolerance limit of the manual scores to bestdered identical. Trials that failed the
tolerance test were redone with increased thresholds until the trial passed the tolerance
test. The hippocampal EEG traces of REM and SWS epochs were manually reviewed for
characteristithetasawtoothwavesor large amplitude, slow wave oscillations (~1 Hz),
respectively.

2.3 Behaviour Scoring
Security videosvereavailable from a select number of baseline day$our of the six
animals Each0.5second segment was classified as one of five behavioural categories:

motionless (M), sniffing/whisking (SF), grooming (G), head shift/movement (HS), and
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body shift/movementgM). Due to technical difficulties switching between the security
camera and thieigh-speed reaching task camera, there were no videos of task days
available for comparison.
2.4 tDCS and tACS Stimulation

Following baseline sleep recordings, task recordings were obtained for three of
the six animals. These consisted of 1 hoyreftak sleepfollowed by a ~30 minute
Whishaw reaching task with a 1 hour ptestk sleep sessidivhishaw et al., 1986)Ihe
tDCS stimulation was delivered during gesk REM and the tACS stimulation was
delivered during podiask SWS (Figur@.4.1). The task session length was dependent on
the length of time it took for the animal to complete ten reaches. Animals in the stim
condition received eithet0.1 pA of DC stimulation or 10.1 pA.8 Hz of AC
stimulation with the electrode in the motmrtex and the cathode in the deep posterior
brain. The duration of the stimulation was 30 seconds with a cumulative maximum of 600
seconds or 20 stimulation episodes. Stimulation was administered with a delayed onset of
10 seconds. Acquisition runs wieestimulation was not delivered were listed as sham

trials. Stim time points were tracked and eliminated from the analyzed recording data.
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Figure 2.4.1: Representative Sleep Scored Spectra and Traces. EMG (white overl:
to detect motionless periods (grey). Ratio of spectral power between delta and thet
(REM: upper yellowtace, SWS: lower yellow trace) used to calculate SWS (green
REM (red) periods. A) Baseline/Sham sleep score without stimulation in either REV
or SWS. B) Praask REM sleep tDCS of 10 pA (upper yellow overlays). SWS and F
epochs that extendedto normotionless periods were truncated (lower yellow overl
C) Posttask SWS tACS of 10 pA at 0.8 Hz.

2.5 Dimensionality Reduction

Following the initial preprocessing and sleep scoring step, the power spectrum
was estimated for each brain state using the fsraper timefrequency spectrum
continuous process function from Chronux (Mitra, P. & Bokil, H., 2008). Chronux is
documentednd freely available for download from http://chronux.org/. The spectrogram
was then logransformed and analysed using the Matlab principal component analysis

(PCA) function. PCA is a statistical procedure that uses an orthogonal transformation to
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convet data containing possibly correlated variables into a values of linearly uncorrelated
principal components. The transformation calculates maximal variance, so thiest the

principal component and eigenvechave the largest possible varianthe second

principal component has the second most and so on. Following the PCA transformation,

the data was projected onto the top three eigenvectors. The top components were selected
according to three criteriavhich is shown in Figure 21. First, thetotal exphined

variance was at leas0%. Secondthel a st ¢ o migeovalee nas@tdeast double

thatoft he f ol |l owing component 6s vweleabevethd hi r d,
Ael bowd on a scree pl ot okdngesAkthougiinteesescanop e o f
be considered subjective measures, no method has been proven to be any better or worse
than any other and remain acceptable methods of selecting components.
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Figure 25.1: Principal Component SelectioA) Principal component plot with thetal
varianceexplainedof each.Components were chosen to have a cumulative va
explainedof at leasB0%. B) Scree plowith elbow indicated by arroiComponents abo
elbowwerekept and those beloweredisregarded.

2.6 Coherence and Cross Power Spectral Density
Correlation () and coherencec¢h) are very similar; correlation is a means of

determining the extend which two variables covary over tirmad can be expressed as a
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normalized score betweeh and lwhile coherence determines the similarity of two
variables covary across frequencigstocorrelation or sei€oherence can describe how
well a signal $ correlated to itself across multiple time points, but in the case of multiple
signals, especially without temporal cues of some kind, the differences between
correlation and coherence can become ldrgthe signals recorded by LF€bherence is
themore appropriate methadthough there is a high comparability between the two
(Guevara & CorsfCabrera, 1996Eberly, 2016)Figure 2.6.lllustrates thelifferences
between coherence and correlatidithough correlation and coherence are similaeye
can be signals thatre coherent and not correlat€bherence, amagnitudesquared
coherencgis a function of frequency with values between 0 and 1 indiclimgegree
of coherence.e. how well theamplitude ofone signal corresponds to anotaeeach
frequencylt is a function of the auto power spectral densities,’Q andd  "Q, given
by the equation:

3)

v Q

v Qu Q

Thesignificance level for coherence is givendoherency as describedthme

following equation defined by Shumway and Stoff0X7), pg.212 equ.4.105

(4)

where F is the inverse of the cumulative distribution of HaésEibuton U i s t he
probability of a type | erroand Lis the number of degrees of freedom, approximately

n*B, where n is the number of observations and B is the bandwidth. The Matlab script for
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this equation waadapted from the original scripteated by David M. Kaplaf2004)
whichis freely availabledr download.There is another reasanrrelation is not an ideal
measure for LFP recordings: volume conductkield potentials in the brain are an
epiphenomenon of electrical activity in both single cells@ibensemblesand thus, the
signal may have almost any relationship with the contributing source or sources. Field
potentials are present even in regions where the units are not firing when there are
subthreshold afferent activity or inhibitory currents. Localizirgdtgnal is of critical
i mportance regardless of scale thleue t o Ohmo
proportionality between voltage (V) across a conductor of resistance (R) in an electrical
circuit and the current (I) flowing through the systérhe consequences of this principle
are weltknown: despite efforts to record from purely proximal sources, LFP has become
infamous for distal sources and sinks cont
and sinks, by virtue of the transmissiortlué charge through space (i.e. current), may be
considered as generators of the recorded potential.

To identify and measure the contribution of current generators to the LFP signal,
current source density (CSD) methods have been widely implem@&hiedress
spectrum of two signals x(t) and y(t) is defined as the Fourier transform of the covariance
function of x and y. The cross power spectral density (CBSD) is determined from
the ensemble average of the Fourier transform of x(t) multipliedebgamplex
conjugate of the Fourier transform of y(t). Thire CPSD is said to be the Fourier
transform of the crossorrelation function. The cross power spectral density is the

distribution of power per Hz and is defined as:

(5)
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where’Y & s the crosscorrelations sequence. As such,

signals with zero phase lag, while having high correlation and potentially high
coherence, woultikely be volumeconduced While in human scalp EEG, correlation is
oftenused as there are other methods for accounting for volume conduetibis study,
only coherence and CPSD will be considefidte methods of correcting for volume
conduction in scalp EEG studiase often computationally complex amgolve

calculations between multiple paired electrodésch were not available for this study
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Figure 2.6.1: Coherence and Correlatibhe Pearson produatoment coefficients at
lag () and coherence (COH) values for eaek dpoch, and the mearfrm) andcohfor
the successive four epochs are given for each pair of signals. Voltage and ph:
manipulated in one of the signals of each pair. Voltage was multiplied by 3 in A
Phase was delayed by 90 degrees in B and @lustrates that in signals with bott
consistent amplitude and phase to each other, coherence and correlation produce
result while in B and C, changes in either amplitude or phase can influencencehamn
correlation to different extent®dapted from Guevara and CofSabrera, 1996Int J
Psychophysiol, 23,45153. Copyright 1996 Guevara and CeCsibrera.

2.7 Time-Resolved Phasémplitude Coupling
Following preprocessing and sleep scoring, CFC analysis was carrie@iraut.

cortical and hippocampa¢cordingsvere imported into the Brainstorm interfgdadel
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et al., 2011), which is documented and freely available for download online under the
GNU general public license (http://neuroimage.usc.edu/brainstditne) recordings were
segmented intepochsf equal lengthendanalyzed using tPAC and IRtPASS
introduced by Same and Baillet (20179nd then averagetdhe equation for lpase
amplitude couplingvhere the amplituda fast frequency with a frequencyQ is
modulatedo y t h e g, pflaalever,frequencyQand™Q "Qis as follows:
(6)
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Where
0 : data lengtHor averagingequal or less than sliding window length)
k: nfull cyclesof "Qin the sliding window
0 O :amplitude envelope ofo 0
w 0 : bandpass filtered signal of centre frequencyof
In thismethodologya range of potential frequencies of phd€y ¢an be entered
with the caveatof a sliding windowlarge enough to contain at least 1 cycle of the slowest
frequency in the rang&or example, if the sliding window is 1 second long, then the
lowest end of the range of frequencies of phase must be at leastieHest can be run
sequentiallyso if the frequency of interest is faster than the minimum in the first run, a

second run be done with smaller windows and increased temporal resolution as a result.

The coupling strength ofQAQ is given by a twedimensional comodulogram.
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2.8 K-Means Clustering

ThePCA component score was passed as an argumerthantemeans+
clustering algorithmRather than analyze the entirety of the random variables in the
untransformed datasehe threedimensional projection of the dataset wastved The
selection of the optimdd number of clusters for each CVI was generated by creating a
matrix of kmeans results using a range of clusters (k=1:15) and passing the results
through one of three CVI evaluation functio@alinskiHarabasz (CH), DavieBouldin
(DB) and Silhouette (SHLVI performance was determined from behavioural relevance
(whether the resulting clustengere separated according to some metric of behaviour
such as intensity and typafd whether there wasignificant distinction between the
variable and clusters statistics of each mean cluStestering was carried out on
individual sessions before being aggregated through tolerance testing.

Mean cluster spectra were derived for each sleep state under each condition
through selection of initial prototype clus¢PascuaMarqui et al., 199bfollowed by
doublelayered tolerance testing where successive clusters were compared to each of the
prototypes and determined to be similar and concatenated together or dissimilar and the
cluster listed as a new prototyg&usters within a relative tolerance of 5% were
concatenated with the given prototype provided delta and theta ranges were also within
95% similarity. Clusters outside the tolerance limits were set as new prototypes. Delta
and theta ranges were selected as key tolerance limits due to the high coherence
previously found in those ranges. For the sake of simplicity, only microstates dé&tected
multiple sessions were consider@ihce all the clusters were assigned to a prototype,

variableand cluster statistics weextractel and the prototypes evaluated as microstates.
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Variable statistics included band povegrdthe peak amplitude ants associated
frequency for each banBive bands were selected: delta, theta, spindle, gamma and
ripple. Cluster statistics includesvo metrics: 1)lifespan or duration of a clusteand?2)
cluster coverage, or the ratio of the total time assignadyieen cluster over the total
recording timeThese metrics give a measure of the stability of a given cluster class
Duration was determined by labelling the spectra bins with their respective timecode and
then determining which bins were adjacent following clustering. The average number of
adjacent bins was than multiplied by the bin length to create an averagerdutatio
each spectra, the incidence rate of adjacent groups of bins was also counted to control for
spectra that consisted of noise (no adjacent bins) or single occurrences (all bins in cluster
are adjacent).
2.9 Statistical Analysis

CFC data analysis waggormed with BrainstormAdditional analysis was
carried ouusing Matlab 2018a and SPSS P4irwise comparisons are reported using
an F statistic. Bonferroni correcteds/plues were used to determine significance for all

multiple comparisons tests.
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3. Results

Three key goals underlie this projetj:the establishment ahicrostateshrough
arbitrary semiarbitraryandnon-arbitrary means?) the effectiveness of serarbitrary
and norarbitrary techniques in detection of brain statesraimiostatesand 3) the effect
of proceduralearning ormicrostatesThe relationship between these goals and the five
hypotheses of this project is shown in Figure 3.BAG synchronicity which underlies
communication between regioasd facilitats coherent cognition and behaviour (Varela
et al., 2001; Ward, 2003yas examined using coherence and CPSD asauitiary
metrics under naive and learning conditions, as well as in the presencestifriwo
conditions tDCS and tACSSecond CFC both witlin and between regions was
examined using tPAC and IRtPAC, respectively, as arbitrary metrics. Thindaks
clustering analysis was carried outadimensionallyreduced data projections and
evaluatedor potential microstategourth,clustering was congred against behaviour in
naive animals tdetermine correspondence between clustering and behakinally,
clustering was carried out enotion scoredlatasets to assess the ability of PCA and k

means clusterings norarbitrary techniquet® distinguishbetweerbrainstates

Microstate Detection and Effectiveness of Effect(s) of Procedural
Characterization Techniques Learning
Aim 1 [ h Aim 2
Aim 2
Aim 4 Aim 3
Aim 3
, Aim 5
Aim 5 L )

Figure 3.0.1: Groupedims.
3.1 Clustering of SleepScored Data Reveals Stable and Transient Microstates

To investigate the presence of microstates, mean cluster spectra were generated
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from the normalized spectra of therleans clustering data poini® detect the presence

of microstates, two sets of cluster features were first extracted: 1) variable statistics, or
the characteristics of the data within a cluster, and 2) clusterisigtmtthe

characteristics of the cluster itself. In this study, cluster lifespan and coverage were used
as cluster statistiqgSee Section 2.8Yolerance tests were carried out to establish mean
clusters such that clusters with features witbierance of each other were merged
together while those with features outside of the tolerance tests were kept separate.

The tolerance tests resulted in three SWS microstates: ON, OFF and3«aW
Section 1.1)Four REM microstates were differentiatedaas|: two consistent with
tREM and pREM and two that greatly resembled cor&&lIS spectraFigure 3.1.1
shows representative SWS and REM microstates froragkesham to illustraté&lote
that the binsre nota continuous time series, but discretdts There is some overlap
between ON and OFF states, but not sufficient to exceed tolerance.

REM andSWSclasses were compared using a-tewer tolerance test. If 95% of
the spectrum of interest was within 95% of the values of the contragiogrum, they
were considered spectrally identicalhile the hippocampal REM and SWS states were
distinct, there was overlap between the cortical sthigare 3.12 shows cortical SWS
like REM spectra and their SWS counterparts that failed the toketeste. were
within 95% tolerance of each oth&igure 3.13 shows the power spectral density plots
of these microstate$here were two transient cortical clusters spectrally similar to a
SWS counterpart; these can be categorized as a high atepdi#lta range cluster and a

neocortical high gamma cluster. These clusters were present in baselinetagkpre
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conditions and pogask tDCS. There was no significant difference in the variable or
cluster statistics between any of the conditions (pA0.8

Table 3.1.1shows thdéwo cluster statistics of the REM and SWS microstates.
Consistent with the literature, the LOW microstate had an extended lifespan well above
either the OFF or ON states. The corresponding cortical state also had an extended
lifespan. Among the SWike REM microstates (SR1 and SR#)e state corresponding
with the neocortical ripple sta(&R2)was less prevalent than the high delta StaR:1)
Among the REM states in both the hippocampus and cdR&M (high amplitude theta
R2) was less prevalent th@REM (increased power across multiple barii.

The states using PCA anehkeans techniques support previous findings in the
literature including the ON, OFF and LOW SWS states as well as the tonic and phasic
REM statesFurthermore SWSlike REM statesvere also detected asdggest local

disconnect between the primary motor cortex and hippocaftedugiobal brain state.
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Figure 3.1.1:Mean Spectsygramsfor SWS and REM Clusterg) Mean SWS clusters
for pretask shan{l subject, 4 sessiong)eft to right: DOWN, UP, LOW. B) Mean
REM clusters for préask shamLeft: tonic REM (~6 Hz) Right: phasicREM (~8 Hz)
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Table 3.1.1: Features of Cortical and Hippocampal Microstates. S: SWS, R: RE
SWSlike REM. Values ar@resented as mean + SEABtotal sessions from 3 subjeg
Cluster Statistics
Cortex
Features S1 S2 S3 R1 R2 SR1 SR2
Coverage (%) 39.49 | 19.40 | 41.76 | 42.84 8.82 40.39 5.35
SEM 0.00 0.02 0.00 0.06 0.00 0.00 0.00
Lifespan (sec) 1.73 2.19 8.09 2.59 1.39 2.12 1.17
SEM 0.12 0.06 0.14 0.02 0.00 0.02 0.00
Hippocampus
Features S1 (ON) S2 (OFF) | S3(LOW) R1 R2
Coverage (%)  33.65 29.00 7.25 65.74 34.75
SEM 0.00 0.00 0.02 0.00 0.04
Lifespan (sec 1.08 1.25 541 4.02 2.30
SEM 0.93 0.05 0.07 0.58 0.08

3.2K-Means Clustering Sensitive and Specific to Behaviour
To investigate whether clustering had behavioural relevance, cluster sequences

were compared against baseline behaviour scoring. Three aspects of the distribution of
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behaviour between different clusters were focused on: 1) the separation of motionlessness
from nonmotionlessness i.e. sniffing, grooming, etc., 2) the degree to which a given
cluster only contained a single behaviour, and 3) the degree to which a belasou
contained in a single cluster. Given the variability of the maximum number of clusters
and the triangular separation of the three most extreme behaviours (motionless, minimal
movement and maximal movemeritje three clusters at the vertices of titengular
separatiorwere used to analyze behavioural distributibne primary behaviour of the
cluster at each vertex was used to classify them such that the top vertex was classified as
the motionless cluster (M), the left vertex was classified@siinimal movement cluster
(SPH and the right vertex was classified as the maximal movement clB&4¢r ©nly the
CalinskiHarabaszvaluated clustering results are shown due to its significantly more
frequent detection of the motionless crstcross sleep stages compared with Davies
Bouldin and Silhouette (Bonferroni: p < 0.0@ee Figure S8 for examples of Davies
Bouldin and Silhouete

Figure 3.2.1 shows a representativei&ans clustering plot. The cortical plot for
thesleepscored data illustrates the triangular distribution of three key clusdeas:
motionless cluster at the peak positivaxrs position, 2) a minimal movement cluster at
the peak negative-axis position, and 3) a maximal movement cluster at the peatvposi
x-axis position The hippocampus rarely distinguished the motionless clasters not
clearly distinguishable in either tls&eepscored (top right) omotion scoredbottom

right) data sets
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Figure 3.2.Zhows the mean cluster counts in baseline andkisktatistical
difference was found following paireddsts with cluster sthgth accounted fop-value
0.92 see figure S10 There was a significant difference between the cortical and
hippocampal clusters counts for wake and REM in baseline astdgksham. Baseline

SWS was also significantly different while pgpam SWS approached significance

(p=0.07). In contrast, there was a significant difference infag&tsham for SWS, which

was shared by posask tACS. All other conditions showed no difference between cortex

and hippocampus. Thus, naive andaigk sham exhibit increased local clustg in the
primary motor cortex during wake and REM while ptzstk sham and tACS have

increased cortical clustering during SWS.
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Figure 3.2.3 shows the inverse relationship between maximal movement and
minimal movemenand illustrates the tendency of the algorithm to ovetiisters along
the horizontal axis contained a mixture of minimal, moderate and maximal movements.
Fromleft to right, the percentage of the cluster that was classified as minimal movement
decreasedvhile maximal movement increasdebur clusters can be visually

di stinguished, but the central famixed beha

* Cluster 1
+ Cluster 2
Cluster 3
- Cluster 4
-+ Cluster 5
Cluster 6
 Cluster 7
- Cluster 8
* Cluster 9
Cluster 10
X Centroid

Principal Component 2

(

yd TPk
Principal Component 1
Figure 3.2.3Inverse Horizontal Relationship of Minimahd Maximal Behaviour. Valu
indicate the cluster and then the percentage of the cluster described by the pre:
behaviour within itBlack circles indicaténtuitive clusters. The central cluster, contair
compound behaviours, suffers from overfihe purest behaviouet the three apicesre
more clearly separated thdre centratompound behaviours/hich create gpectrum c
behaviourifferentiated by the clustering algorithm.
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The wake motionless cluster was only distinguished iconex by CH
evaluation (91.7% of clusters). DawiBsuldin (15.3%) and Silhouette (0%) did not
sufficiently distinguish the motionless cluster to be used in behavioural analysis. The
cortical clustering separated the motionless cluster from thenobdioriess ones
significantly more frequently than in hippocampal clustering (p < 0.004hould be
noted that onlywo of the three subjects had vidgd4d baselinelays) for behavioural
analysis.

Table 3.2.1 shows the clustecificity (the percentage of the cluster that is a
given behaviourpy primary behaviours and sleep sta@ertical clusters were
significantly more specific than hippocampal ones with respect to Wake motionless
(Tukey 0 s-ttssttpu0dD®) and REM maximal moneent clustersfu k ey 6 s- St ude
t test p<0.05). Maximal movement during all three brain states was significantly less
specific than those of either minimal movement or motionlessitessk(e y 6 s-t St uden't
test p<0.01).Body movement during different sleapd wake states was not clearly
differentiated between them and merged into a single cluster. In contrast, minimal

movement and motionlessness were highly specific to the sleep stage.

Table 3.2.1Behavioural Specificity itsleepScored Clusters. Clusterere selected usii
CalinskiHarabaszvaluated for this analysis. n 2 (2 subjecs).
Wake SWS REM
Region Value M SF BM M SF BM M SF BM
CTX Mean 894 881 564 914 920 284 99.2 935 413
SEM 42 38 55 36 32 67 08 25 94
HIP Mean 589 743 502 769 901 154 97.1 90.8 183
SEM 68 43 51 225 25 49 34 29 6.4

Table 3.2.hows théehavioural sensitivit{the percentage of a behaviour
found in a given clustelf clusters derived from sleegzored data. Although motionless

and minimal movement clusters were highly specific to brain states, they were noticeably
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less sensitive. The cortex clustering was more sensitive to wake minimal movement
(p<0.05).

The wake mtionless clustering and REM maximal movement clustering were
both sensitive and specific. REM maximal movement clusters were unexpectedly the
most sensitive and the least specific. Clustering of behaviour, while specific to primary
behaviours at the veces of distribution, was less sensitive. This is consistent with only
the vertices containing the extremes of the behavioural distribution while other clusters
on the axis contained mixtures of complex behaviours such as grooming, exploratory
sniffing, hea movement, etc. The occance of pure behavioupyre motionlessness,
pure whisking, etc.yvould be considerably less than the occurrence of mixtures of the

these and othdrehaviours.

Table 3.2.2: Behavioural Sensitivity 8leepScored Clusters =11 (2 subjecs).
Wake SWS REM
Regior Value M SF BM M SF BM M SF BM
CTX Mean 79.8 268 135 358 398 419 447 368 616
SEM 54 5.8 3.1 9.2 7.5 8.7 6.2 3.6 9.8
HIP Mean 57.3 128 55 236 33.0 470 253 56.1 635
SEM 195 3.1 1.2 9.5 3.3 5.9 6.0 5.4 5.0

The behavioural distribution of threotion scoreatlusterswvasthen investigated
to further establish the suitability of the selected algorithm and evaluation inbiees
motion scoredlusters were the same recordings as the scored ones, but without sleep
scoring.The clusters were characterizzd fAWake, 060 ASWSO0 or AREMO
predominant epoch contained within them. Behaviour was tracked according to the
originating sleep sige such that under a behavioural category, there would be up to three
subcategories indicating the slesgored epoch i.e. under head shift, there would be head

shiftT wake, head shift SWS and head shift REM. The gross behaviour was the total
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of all behaviour regardless of origin while epoch behaviour was the percentage of the
gross behaviour originating in a specific epo&t suchthe behaviour does not change,
just whether it is all of the behaviour or the behaviour fromeaifip period of tme.For
each of the clusters, the corresponding epoch was used for this relationship such that for
the motionless wake cluster, the epoch total would be the percentage of the gross
behaviour that originated in wake clusters.

Table 3.2.3 shows specificity of theotion scorecatlusters for the gross and
epoched behaviour. While the clusters were less specific to the total behaviour, they were
noticeably more specific to the epoched behaviour, especially in the case of wake and
SWS minimal and maximal behaviour. Unlike the slesepred clustering, there was no
significant different between hippocampal and cortical clusteNtggion scorectlusters

were generally less specific than slespred clusters.

Table 3.2.3: Behaviouralpgcificity in Motion ScoredClusters. CalinskHarabasz
evaluation was used in cluster selection for this analysisll (2 subjecs).
Gross Behaviour
Wake SWS REM
Regior Value M SF BM M SF BM M SF BM
CTX Mean 103 46,5 189 675 414 08 61.1 339 22
SEM 2.9 3.1 20 109 103 0.2 9.0 8.9 0.3
HIP Mean 93 435 197 510 306 15 571 36.2 25
SEM 29 41 23 109 108 0.6 7.5 7.6 0.5
Epoch Behaviour
Wake SWS REM
Regior Value M SF BM M SF BM M SF BM
CTX Mean 32.1 881 933 807 740 56.0 606 24.0 19.9
SEM 113 3.1 1.7 7.8 9.3 8.7 8.8 9.9 8.7
HIP Mean 39.0 876 920 784 668 59.3 46.1 264 7.8
SEM 133 2.9 2.2 8.3 98 10.1 8.7 8.9 3.0

To supplement the results in Table 3.4.3, which outlined the distribution of sleep
states into single clusters, Table 3.2.4 shows the distribution of the predominant

behaviour from each epoch in timtion scoredlusters. The gross behaviour total was
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calculated from the total behaviour across all brain states and the epoch behaviour total
was limited to the total behaviour in a single brain state.

The Awakeo cluster contains the vast ma
movement from theleepscoredwak st at e. The AREMO cl uster
amounts of total behaviour to the slessred clusters, which were themselves highly
sensitive to the epoched behaviour. The AS
contained a comparable amount of totdidgour and epoched behaviour to the sleep
scored data. In contrast with the slegpred datasets, the hippocampal and cortical
clustering were not significantly more or less sensitive than the other with the exception
of wake motionlessness (p<0.05).

K-means clustering of sleegzored data is highly specific, but less sensitive while
clustering otthe motion scoredata is highly sensitive, but less specific. Clustering of the

motion scoredlata was sensitive to both gross and epoched behaviour.

Table 3.24: Behavioural Sensitivity iMotion ScoredClustersn = 11(2 subjecs).
Gross Behaviour
Wake SWS REM
Regior Value M SF BM M SF BM M SF BM
CTX Mean 152 515 783 30.1 264 119 441 247 123
SEM 4.9 8.2 5.5 5.2 4.9 3.9 6.0 4.2 3.2
HIP Mean 9.7 443 742 364 182 7.2 417 183 11.0
SEM 3.9 6.8 4.4 3.2 4.1 2.0 5.6 2.9 2.8
Epoch Behaviour
Wake SWS REM
Regior Value M SF BM M SF BM M SF BM
CTX Mean 500 698 852 424 479 26.2 798 93.3 598
SEM 8.6 6.8 5.4 3.5 7.2 5.8 5.0 39 143
HIP Mean 215 638 79.0 460 414 20.0 86.2 849 5838
SEM 7.8 6.7 5.6 5.2 5.1 5.0 2.7 3.8 7.5

3.3 K-Means Clustering TAC Dependent on Sample Size

To investigate the suitability ofkneans clustering as a narbitrary method of
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sleep stage scoringjotionscoreddata was presented to tharieans algorithm without
restriction. The same features extracted from the scored clusters were also extracted from
themotion scoreasnes and served as a basis of comparison. In order to determine the
effectiveness of fmeans clustering as a nanbitrary technique for sleep stage detection,

the relative effectiveness was calculated as the agreement betwgen scoredlusters
andsleepscored stage stagdde total accuracy (TACTAC = (A+B+C)/3 was an
overallmeasure of the sensitivity, or the amount of a scored epoch found in a given
clusters, and specificity, or the amount of a cluster represented by a given epoch.

First, the sensitivity of the clustering was determined. The maximum percentage
of a given sleep stage contained in amtion scorecatluster for each CVI was used. For
the purposes of this study, the EMI8rived sleefscored epochs were assumed to be
100%accurate for the sake of simplicity. Thmtion scorealustering was not subject to
the same constraints as the steepring algorithm, most notably, the minimum state
duration and gap. Table 3.3.1 shows the distribution of sleep stagesmotibe sored
clusters. Naive clustering (n=19) was notably sensitive to REM and SWS detection as
were sham and tDCS and to a lesser extent, tACS. Wake, by contrast, had the lowest

agreement in any of the conditions.
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Table 3.3.1: Sleep Stage SensitivityNtotion Scored Clusters. Values give the me
percentage of a given sleep stage found imation scorecatluster + SEMBaseline n
19 (3 subjects)task = 4(1 subject)
PreTask PostTask
Cond.Regior Wake SWS REM Wake SWS REM
Base. CTX 63.9+1.7 86.7+2.7 97.7+0.4 -
HIP 67.4+1.9695+43 87.9+4.0
Sham CTX 57.2+8.8 60.8+8.3 925+1.1 54.8+25 728+86 80.7+7.9
HIP 48.8+1.7 73.3+£3.4 62.3+6.0 57.6+2.6 67.0+9.5 78.8+8.3
tDCS CTX 65.8+88 67.5+7.2 98.1+1.1 69.0+3.4 73.2+11.€ 956+6.0
HIP 69.4+8161.3+16.£98.1+1.1 61.6+9.7 61.2+7.393.0%14.2
tACS CTX 57.8%+3.1675+56 86.2+4.4 485+1.8 65.7+4.6 854+5.8
HIP 46.0+15 53.6+1.2 69.0+25 56.0+1.9 57.8+0.9 60.7 £2.3

Next, the cluster features of thetion scoreclusters were extracted and
compared to standard sleep scoring criteria in rats (Pagliardini et al., 201 3lafianet
al ., 1970). SWS was defined as 040% of
definad as O 40% tot al power in the theta
of themotion scoredbaseline clusters.

Table 3.3.2 shows the extracted cluster statistics ahtit®n scoredlusters.
There was no interaction between task conditiand band power (twway repeated

measures ANOVA, F=0.56, p=0.472). However, there was a significant difference

band

between the cluster statistics of the cortical and hippocampal states (F=50.88, p<0.001).

Table 3.3.2: Cluster StatisticsMbtion ScoredSleep States. Values are presented as
+ SEM unless otherwise indicated.

Cluster Statistics
Cortex Hippocampus
Features UP |DOWN| REM | Wake | UP |DOWN| REM | Wake
Coverage (%) | 18.08 | 20.99 | 6.53 | 40.73| 17.11| 21.48 | 20.04 | 27.17

SEM 0.00 | 0.02 | 0.03 | 0.26 | 0.01 | 0.05 | 0.17 | 0.14
Lifespan (sec)| 154 | 2.15 | 1.20 | 996 | 098 | 1.14 | 0.85 | 1.51
SEM 0.08 | 0.05 | 0.08 | 1.24 | 0.01 | 0.04 | 0.02 | 0.06
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3.4 Coherence Sensitive to Procedural Learning Paradigm and Stimulation

To determine whethehere wa coherence between the primarytonacortex and
the hippocampyshe magnitudesquared coherenegas determined under naive baseline
and taskconditions.To further clarify the relevance of the coherence, CPSD analysis was
also conducted to determine the phase delay between coherent frequegeres3.41
shows the mean coherera@dcoherencyn wake, SWS and REM sle@pbaseline
recording and FigureS1 shows the coherence by d8WS coherencshows limited
coherence in the delta range, possibly due to competition with respieaticained
oscillations in the same rangehepeaks in the theta rangeREM areconsistent with
thedesynchronizatiogharacteristic of REMt should be noted thainless the peaks are
found in both the coherence and CPSD analy
Methods Section 2.6 for further clarification).

Figure 3.42 shows the mean coherence in wake, SWS and REMdileieyg pre
task rest and posask resin task conditionsThere is notable coherence conservation of

the theta peaks in REM across conditidtisexpectedly, the trend in tAC®NS more
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closely esembled REM than either of the other SWS conditipatentially as a result of
the disruption of SWS by the application of the sfliine low delta coherence could be
due to the presence of nbippocampal, competing delta range inputs such as
respirationrentrained oscillations he pretask average for sham REM also had peaks in
the delta range that were not present inpast REM FiguresS2-7 shows the sham
tDCS and tACS coherence by d&ygure S9 shows the confidence interval of artifact
peaks Significant coherence supports coupling between the primary motor enidetke
hippocampusbut must be further investigateddetermine whether the coherent signals
are real or note. nonvolumeconducted signalsn this study, cross power spectral

density and phase delay measurements were used to that end
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Figure 3.41: Mean Baseline Coherencg,<0.001 in all brain stategrequencies abo
100 Hz are significanh wake.Note thelimited coherence in thdeltarange of SWS, tt
increase irtheta range of REMndincrease in both the delta and theta ranges of 3
subjects across a total of $8ssions
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Figure 3.42: Mean Task CoherenceC,<0.001 in all brain states and conditiosue
traces and red traceindicate pretask and postask, respectivelyA) Wake B) SWS C)
REM. Note thesignificant differences between prand postask sham during REML
subjecttondition with 4 sessions.

The CPSD gives the correlation of the cortical and hippocampal signals while
maintaining phase informatiolNon-zero power and zero lag indicate tikely presence
of a volume conductesignal. There are special cases where there can beenon
power, zero lag signals without volume conductidmdrinks et al., 2016)put they are
ignored for the purposes of this stualythe detection methedequirea different
experimental desigriPositive phase delay indicates fitease otortical signal preceded
the hippocampal one and negative phase delay indicates theeilnestationary signals,
this alsoserves as a measure of causality between input and output Sogrtaisthis
case, the signals are netationary and the positive and negative phase delay should not

be considered an indication of tbausal relationship betweéme signalsA significance

threshold(coherencywas appliedo all phase delay caltations to minimize noise.
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Figure 3.43 shows th&€ PSDand phase delay in degrees of theical and
hippocampal signalduring the baseline recordinds REM, the division of lowm(4-7 Hz)
and high thet&7-12 Hz)between different degrees of phaseitagf especial interests
this would imply that different ranges within theta originate in different structlinese
is positive phase delay from the high spindle range through the low and high gamma
range.The CPSD and phase delay plots also reveal that some of the high coherence peaks
were likely volume conducted signals, leaving only a few remaining in SWS and REM
None of the ripple range peaks remain, only frequencies under 50 Hz in the case of SWS
and 1@ Hz in the case of RENMhe high coherence in the majority of wake frequencies
also had zero phase lag with the exception of the theta, iamgjging a large amount of
volume conduction during wake with only lower frequencies coupling between the
primary motor cortex and the hippocampus

Figure 3.44 andFigure 3.45 show the CPSD and the phase delay, respectively,
of the cortical and hippocampal signals under task conditiémsxpectedlythe phase
delay for thepre-task tDCSREM theta rangavas paralleled in postask,appeaing
invertedcomparedo the postaskrangein shamand tACS. Thisontrasts with the
suppression atoherence observed in tACS SWS, which otherwise mirrors baskdirze.
lesser extent, preask across all three brain statesembled baseline in tDCS and sham.
The phase delay in tDC&d tACSwake isconsistent with baseline coherency and is of
further interesas it would seem contrary to the desynchronizagixpected during
wakefulness

Thus, learningdependent changesteal i.e.nonvolume conducted coherent

signalsbetween the pmarymotorcortex and hippocampuagppeainverted by tDCS and
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suppressed by tACS delivered during their respective sleep stagegh visual
inspection
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Figure 3.43: BaselindvleanCross Power Spectral Denséigd PhaseéBlack and red trac
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Figure 3.45: Task Cross Spectrum PhaBgack and red traces give the mean and ¢
respectivelyZero phase delagdegreesand CPSD 0 indicatethe signal was volun
conductedPositive values indicate the phase of the M1 signal was ahead of the t
and negatives values the inversesignificance threshold@,<0.001) was applied prior 1
averagingLeft: Pretask. Right: Postask.A) ShamB) tDCS. C) tACS. 1 subject/conditio

with 4 sessiongach.
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3.5 Cross-Frequency Coupling Strength Increases IntefRegionally

With the presence atrongcoherencyestablished.e. coupling of the same
frequency further investigation of frequenalomain coupling was undertaken
specifically crossrequency couplingFunctionally significant CFC has been observed in
numerous hippocampdependent processes (See Section 1.4), but its presence in
hippocampaindependent processes is lkaswn.In phaseamplitude coupling, a fast
frequency("Q) is entrained bya slow frequency("Q) such that its amplitude changes
according to the slow frequenchhe tPAC algorithm gives a measure of the strength of
the coupling betweeif2 and™Q. Figure 3.51 showsepresentativlippocampatPAC
and IRtPACcomodulograraand the intersection of peak frequency for amplitude and
peak frequency for phase (red circl®nly the maximum peaik each epockvas

analyzedn this study.
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Figure 3.51: RepresentativePAC and IRtPACComodulograra The hippocampatPAC
comodulogram is on the left atlae IRtPAC on the rightRed circle indicates intersect
of peak frequency for phase and amplitudeefigurewas smoothed through interpolati

Datasets wersegmented such that the lowest frequency for phasgeoést (0.5
Hz<'Q) could complete at least 4 cycles within the epoch before being analysed with

tPAC and averaged. Because of the segmentatiomitiemum n(the number of

segmentsjor each session was 50 for wake, 50 for SWS and 20 for REBMe3.5.1
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outlinesthe phasemplitudecoupling in baseline and taskake.Despite a stable

frequency for phasand coupling strengthcross conditions, the frequency for amplitude
changed in both sham and tACS conditions. In sham, it increased from the beta range to
high gamma while in tACS, the inverse was obserVée. coupling oflelta rangg~1

Hz) oscillations with bet&-20 Hz)and gamma rangé071 300 Hz)is consistent with
respiratiorentrained oscillations (RR). These oscillationstameporally and spatially
ubiquitousand can only be distinguished from other slow wave oscillations by measuring
the respiration ratd he coyling in the hippocampus was insensitive to the learning
paradigm during waké&hus, there is a stimuluand learningnsensitive CFC

relationship (deltdoeta and deltgamma) during wake in both thgpocampus and the

primary motor cortex.

Table 3.51: Wake PhasAmplitude Coupling.

Cortex Hippocampus
Condition Time PAC (x107) 0 QO  PAC(x10% Q Q
Base Pre 18.0 1.0 277.9 11.4 1.0 20.0
Sham  Pre 17.0 1.3 20.0 15.6 1.0 20.0
Post 16.4 1.0 241.1 14.5 1.3 20.0
tDCS Pre 15.8 1.0 20.0 15.6 1.3 152.6
Post 15.9 1.0 20.0 17.2 1.0 152.6
tACS Pre 16.1 1.0 255.8 12.4 15 93.7
Post 20.3 1.0 20.0 11.7 1.5 93.7

Table 3.52 showghe phaseamplitudecoupling in baseline and taSWS
Notable differences in the hippocampal fregeyefor amplitude were observdd. both
tACS and sham, it increased from beta and low gamma to high garhem&AC
strength in cortical tACS nearly doubled betm preand postask sessionghile PAC
strengthin sham and tDCS decreas&YVS coupling sengthwas inverselysensitive to
learningand tACS unlike the frequency for amplitude changbBeltabeta coupling in

the cortex during SWS appears to strengthen following tACS, but weaken during sham
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and tDCS while in the hippocampus, the stron@#sE relationship in sham and tACS

conditions changed from delbeta and deltdoow gamma to delthigh gamma.

Table 35.2: SWS Phas@mplitude Coupling.

Cortex Hippocampus
Condition Time PAC (x10° Q Q PAC (x10%) Q Q
Base Pre 21.7 1.0 20.0 16.4 1.0 130.5
Sham  Pre 23.4 1.3 20.0 17.9 1.0 20.0
Post 19.2 1.3 20.0 18.3 1.5 123.2
tDCS Pre 18.2 1.0 20.0 27.7 1.0 137.9
Post 14.2 1.0 20.0 23.0 1.3 137.9
tACS Pre 18.4 1.0 20.0 13.0 1.5 49.5
Post 32.8 1.0 20.0 11.5 1.3 108.4

Table 35.3 shows the phasamplitude coupling in baseline and task in REM.
Note that the coupling strength is significantly lower during REM than in either wake or
SWS. Unlike in the other brain states, the frequency for phase was not conserved between
the cortexand the hippocampusyirroring the division in the theta range coherence. The
hippocampal fregency for phase remained at a consistently high theta frequency while
the cortical frequenciegried between low and high theta across sessltnsfrequency
for amplitudeslowedin both the hippocampus and coriexposttask tDCSThe cortical
frequency for amplitude in cortical sham increased from low gamma to high gamma
While the PAC strength increased in both sham and tDCS, it decreased irPA«3S.
amplitude coupling within the cortex and hippocampus was sensitive to learning and both
stim conditions during their respective delivery periods. The leaiassgciated changes

often contrasted with the stiassociated ones.
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Table 3.53: REM Phasémplitude Coupling.

Cortex Hippocampus
Condition Time PAC (x10° Q Q PAC (x10%) Q Q
Base Pre 3.8 3.8 64.2 4.4 7.3 20.0
Sham  Pre 4.8 3.8 64.2 3.5 7.1 137.9
Post 6.8 4.5 285.3 5.0 6.8 137.9
tDCS Pre 4.9 3.8 152.6 8.0 7.1 79.0
Post 6.0 3.8 137.9 8.7 7.3 20.0
tACS Pre 6.6 4.0 152.6 11.4 6.3 49.5
Post 5.7 3.8 152.6 7.0 7.1 49.5

Throughout the tPAC analysis, similar frequencies for phase and amplitude were
observed in the hippocampus and cortex. To determine whethecthesigental
similarities reflected phasemplitude coupling between the two regions, IRtPAC analysis
was carried out.

Table 3.54 shows the IRtPAC results for baseline and task conditicsi$bnain
statesThe most striking differenceas theincreasen coupling strength in all three brain
states across all conditionempared to tPACIn wake,coupling strength increased in
sham and decreased in tDCS and tACS-faskt. The frequency for amplitude increased
in both sham and tDCS to high gamma while in decreased modestly in FASH/S,
the coupling strength decreased in sham and tACS althagimodestly in the case of
tACS, while it increased in tDCS. The frequency for amplitude in sham incrirased
the beta range to thew gamma rangerThis low gamma range was maintained in both
pre- and postask tDCSwhile in tACS,the frequency for antppude increased within the
high gamma range. In RENhe coupling strength increased in sham and tACS while
decreasing in tDCS hefrequency for phase increased to high theta in sham, but not
tDCS or tACS postask. The frequency for amplitude slowedoth sham and tDCS,

but to different extents.
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IRtPAC coupling strength in both stim conditions tended to decrease during the
sleep stage of the respective delivery peritiR?AC and tPAC coupling strength was
responsive to botktim conditions as well as the learning paradigm

Stimulation appeared to disrupt irtegional coupling between the primary
motor cortex and the hippocampus compared to stim. The PAC strength was elevated
following learning in all three conditions pared to baseline. In connection with the
coherence and CPSD analysis, not only does there appear to be endogenous coupling
between the primary motor cortex and hippocampus, it also affected by a procedural

learning task and electrical manipulation.

Table3.5.4: InterRegional PhasAmplitude Coupling.
Wake SWS REM
Cond. Time PAC (x10%) "Q "Q PAC (x10%) "Q 'Q PAC (x10°) "Q "Q
Base Pre 21.2 1.0 2411 243 1.0 2116 8.9 3.8 64.2
Sham Pre 35.1 1.0 1084 45.6 1.3 20.0 104 40 71.6
Post 40.3 08 182.1 36.4 08 495 149 6.8 20
tDCS Pre 34.6 1.3 200 247 0.8 495 16.0 3.8 123.2
Post 26.7 1.3 182.1 26.3 1.3 495 9.9 3.8 93.7
tACS Pre 41.7 1.0 152.6 35.8 1.3 241.1 124 3.8 495
Post 36.0 1.3 1232 34.6 1.0 255.8 16.0 3.8 211.6
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4. Discussion

This projectexaminedherelativeeffectivenes®f an unsupervised algorithim
the detection ofjlobal and locaimicrostates in the primary motor cortefmale ratsand
the effect of a procedural learning paradigm on these microstades sham and stim
conditionsas described bthe outcomes ddeveral semiand norarbitrary techniques
K-means clusteringevealed several stabded transientnicrostates in SWS and REM as
well as the presence of cortical SWi& REM states. Clustering ofiotion scorediata
exceeded the threshold for successful sleep stage detection wittohigrdancevith
automatedsleep scoringThere was significant corence verified by CPSD found the
theta and gamma rangestDCS and sham conditions that was sensitive to the
procedural learning taskKlustering was sensitive and specific to behaviGatinsk
Harabasz was the mdsthaviourally relevarih bothscored andnotion scored
clustering. Together, these results support several global and local microstates within
SWS and REM sleep in the primary motor cortex that are sensitive to procedural learning
and suggest window for consolidation of memory.

These findings support the presence of local and global LFP microstates,
implicating them in procedural learning, and their detection through PCA-arehks
clustering as noarbitrary techniques. Clustering is relatively sensitive and specific to
sleep tates inmotion scoredlata. Coherence, tPAC and IRtPAC are responsive to
proceduralearning and transcranial stimulation. The persistence of these states under
other conditions and the extent of their physiological roles requires further research.
4.1 Clustering as an Effective Technique in Microstate Detection

Mean clustering classes supported three SWS divisions, two REM divisions and
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two SWSlike REM states in the corteln this study, datariven estimates of the
clustes/microstates were used to explain the data rather than a priori selection although
both are accepted in the literature (Tibshirani & Walther, 2005; Paktargui et al.,

1995; Khanna, et al., 2014hree SWS states were detected (LOW, UP, DOWIK)ch
was consistent with the recent LFP and spiking studies (Miyawaki et al.; 2017
Logothetis et al., 20)2LOW states ofterfiollow REM periods and precede periods of
massive activations of assocatiand primary cortical regions apdtentiallymediatea
privileged interaction stater procedural memory consolidatibetween the

hippocampus and cortex by silenciextraneous subcortical output centfiesyawaki et

al., 2017; Logothetis et al., 2012he detection of cortical SWitke REM states also
supportgecent findingof microstates within RENnd the lack of homogeneity within
both SWS and REM sleep in rodentse absence of thievo corticalSWSlike REM
clustersfollowing learningstrongly suggest learningdependeniocal brain state in the
primary motor cortex during natural sledjne recovery of this microstate following pre
task administration of the tDCS could represent a change in learning dynamics.
comparison of task performance with and without interverarmhthe presence or
absence of these microstates would serve to clarify this relatiofsinipxample,
modulation of these microstates before or after a task could influence acquisition or later
retrieval. This has a number of implications for the arlging networks and the
associated cognitive functions, especially with respect to memory consoliddten.
presence of these states at baseline, but not following learning is suggestive of a shift
between a global brain state dominated or strongylagéed by the hippocampus

following learning, but that is sufficiently diminished outside of that to allow for
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neocortical disconnect.
4.2 Clustering as an Effective Classifier of Sleep Stages

K-means clusteringnediated sleep detectiovas sensitive anspecific to each
brain stateespecially REMand &tracted cluster features were consistent with the
standard rat sleep phase metrics (Zhang & Wu, 2018;-Tanm et al., 1970; Miyawaki
et al., 2017)Overall performance based on the total accuracy reghan the literature for
sleep detection methods is usually between 70% and 95% (Charbetraie2017).
With a baseline TAC between 74.9% and 82.8%, the clustering implemented here was
comparable with automated sleep scoring ratings and has theigddteritmproved
performance with additional information passed to the algorithm including: EMG data
and minimum durations for sleep periods. It is clear that the algorithm is sensitive to the
sample size and case should be taken in implementbtovever, there is such a wide
variety of automatic sleep detection methods that comparisons of only TAC are difficult
and do not reflect the reliability or convenience of the methodology (Charbonnier et al.,
2011; Libourel et al., 2015). Many methods héaeautomatic sleep stage classification
have been developed involving different techniques (Kassiri et al., 2017). However, these
methods are often complex and require knowledge and expertise in advanced
computational modelling, making them inaccess{leang & Wu, 2018)The quality of
expert manual scoring depends on individual experience and fatigue in addition to the
time-consuming nature of the task-rifeans clustering is becoming increasingly popular
across a wide variety of analytical fields asntethodology is more accessible to the-non

expert analyst and the flexibility of the datasets it can be usedMighmethod
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presented herig asensitive and specifisontarbitraryalternative tdooth manual scoring
and automated scoring derived fromitrary frequency boundaries.
4.3 Coherence Sensitivity to Procedural Learning and Transcranial Stimulation
Coherence was found to be sensitive to both the learning paradigm and tDCS and
tACS stimulationWhile procedural learning and tDCS seemed to increase coherence,
tACS appeared to suppresslihe coherence in the SWS delta range was not especially
high, likely due to the presence of overlapping respiragianained oscillationuring
deep sleep, threspiration cycle is less than 1.5 Hz (Lockmann et al., 2016) and can thus
be distinguibed from theta oscillations, but not delta oscillatidhis. important to note
that the respiratioentrained oscillations are not artifacts of muscle activityjentede
movement (Tort et al., 2018)Vhile the motor cortex and hippocampus respond
preferentially to theta oscillations over RR in REM and exploratory wake, RR are a
globally-detected phenomeneanging between 1 Hz and-1% Hz and without
monitoring espiration are impossible to differentiate from other physiological signals
(Tort et al., 2018)The coherent theta signal in REM was expected, but the apparent
division of low theta and high theta is of especial interest. This result supports both the
existence of finer divisions of frequency bands representing potential microstates,
especially pPREM and tREM, and the presence of endogenous theta band coupling
between the primary motor cortex and the hippocamipog et al., 2016; Wehrle et al.,
2007) Theta band coupling has been implicated in a wide variety of neuropathological
states, cognitive functions and behaviour in both humans and animals (Goutagny et al.,
2013; Reinhart, 2017; Zhang et al., 20X&)herence estimategere veified by CPSD

analysis, which accurately identifies volume conduction effects beyond the margins of
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activated neuronal substrates, but habgt biasagainst higher frequencissch that it
increasingly underestimates coherence in proportion to thedney(Kajikawa &
Schroeder, 2011Yhese results support coherent theta and respiratiopled delta,
which have been implicated in connecting distant brain regions and mediation of memory
networks.
4.4 Behavioral Segregatiorby Clustering

K-means<lustering had behavioural relevance with respect to both scored and
unscored datasefShe behaviour contained at the vertices of the distribution were highly
specific, but not especially sensitive, which is consistent with these clusters containing
uncortaminated primary behaviours i.e. sniffing without any other movement,
locomotionand completenotionlessnesd.he proportion of motionlessness during REM
was expected given REM sleep is characterised by low muscle tone despite being only
~20% of the totasleep duration and would thus contain a disproportionate amount of
motionlessness given its relative brevity. The ratio of sniffing to motionlessness in SWS
was unexpected as sniffing is conventionadlgarded as aactive, investigatory
behaviourtypicdly indicative of arousalSeelke & Blumberg, 20Q04However, the
ubiquity of sniffing during both wakefulness and rest is consistent with the literature
(Seelke & Blumberg, 2004Regardlesghe behaviour classified as sniffing in this study
was notlimited to exploratory sniffing and likely contained respiration changes and
myoclonic twitchingas a limitation of the lowesolution video recordings used for
behaviour scoringAs a result, both sniffing and motionlessness were likely contaminated
with off-target behaviour. Still, both scored and unscored behaviour were within

reasonable bounds of minimal/no movement as expected of Slezfirst two principal
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components also described behaviourally relevant aspects of the explained vahance.
first principal component largelyefinedthe degree of movement, which explained the
greatest variability of the datavhile the second principal component described the
separation of complete motionlessness frommationlessness hus, PCA is a suitable
metod of dimensionally reducing datasets without loss of information. Together with
higher resolution videos, PCA anehkeans clustering would likely have stronger
sensitivity and specificity.
4.5CrossFrequency Coupling Relevance t@ask and Stimulation Conditions
Crossfrequency coupling was inversely sensitive to the procedural learning
paradigm and both tDCS and tACS. The coupling strength and frequency for amplitude
were the most directly affected. There was consistelt&beta andleltagamma
couplingduring wake and SWS in both baseline and task sessubinsh was consistent
the significant coherence at those frequendiedtagamma coupling is both region and
brain statespecific and robustly correlated with theta or RR osaliest (Zhong et al.,
2017). Unexpectedlygamma and ripple rang®upling was found in theortexduring
SWS. However, ripple, gamma, high gamma and-hiiga gamma (200 800 Hz) have
been observed during sleep in primary motor cortex of rodents (Averkin 2016;
Hasenstaub et al., 2005; Kandel & Buzséki, 19@#)ile cortical gamma and ripple
range couplingouldbe the result of volumeonducted hippocampal ripples, given the
presence of gamma range peaks in the CPSD analyses and the CPSD lstahkigbain
frequencies, it is more likely that this coupling is the result of real cortical signals.
Simultaneous oscillatory activity is characteristic of the cortical network activation and

has been reported as instrumental in several higtsrcognitive processes includjn
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posttask success and rewdBlzsaki & Draguhn, 2004; McBain & Fisahn, 2001;
Salinas & Sejnowski, 2001; Singer & Gray, 1995; Steriade, ; 2080der Meer &
Redish, 200
4.6 Relative Effectiveness of Cluster Validity Indices

With respect to behaviour, Calinsdiarabasz outperformed both Davigsuldin
and Silhouettén terms of relative effectivenesBhereareroughly thrediersof
statistically distinct CVisvhereCVIs within a tierarenot statistically different from a
peer in overall performance, bednvary greatly when given particular typesdaita
(Arbelaitz et al., 2013; Hamalainest al., 2017)CH, DB and SH were all tier one CVIs
but there is no reliable a priori test of #igectiveness of a CVI with respect to a given
datasetso best practice supports selecting multiple CVIs and repeating the analysis with
each.The kmeans++ algorithmequires more iterations with noisy datasét&n other
clustering algorithmsbuthandesincreases in dimensionality better than other clustering
methods especially when used in conjunction with Gttamalaineret al., 2017)This is
ideal for the complex data generated by EEG and other physiological recordings.
However, it can alsetruggle to differentiatemdl subclusters near larger ones such as
the marked differences in the durations of SWS and REM sléese characteristics
could lead to the a priori assumption tkaheans++ clusteringnd CHwould be
unsuitable fosleep stte detectionrHowever,k-means++ exceeded the threshold of
successful sleep detectiamhich while contrary to expectations, underlines the lack of
clear a priori criteria for CVI selection. This study supports the best practice of selecting

multiple CVisfrom a tier and examining the resulting clusters
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4.7 Limitations

The limitations of this study must also be acknowledged. First, there is the effect
of the low number of subjects between conditiditeerewas only one animal
undergoing each conditian the task sessionso there is the possibility that the animal
could be outliersAs a result, iis difficult to isolate the source of an effect during task
conditions.While differences between prand postask resultsvere observed in the
sham ammal, the animals under stim conditicinequentlyalso had differences between
pre- and postask.As suchthere aréwo assumptions that can be made which affect the
interpretation of these results: First, the results are sensitive to the |gaaraciggm.
Thus either a) the animals are insensitive to one or more stim conggmiise
differences from the sham trial are due to betwadrject variability or b) the animals
are sensitive to the one or more stim conditions, so the differenceshieasham trial are
due to the interaction of stim and learning. Second, the results are insensitive to the
learning paradigm and thus the differences are either betsudgect variability or the
results are sensitive to one or more of the stim conditldeally, three or more animals
would undergo the same condition to control for this ambiguity. There is the additional
constraint of limited behavioural videos. As a result, task performance could not be
assessed and automated sleep scoring could wetified, limiting the degree of
clustering accuracyVhat videos were available were notaakvith this analysis in mind
and thus, were occasionably poor quality wih a limited view of the animao there is
the potential fomisclassified behavioult must also be acknowledged that sleep scoring
is not a precise discipline regardless of whether it is automated or carried out manually. It

is not unusual for even expert scoring to vary by as much as 10%. As such, there is the
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possibility that the prapsed local brain states are artifacts of misattributed SWS as REM.
Second, there is the possibility that the scoring criteria was overly generous in its gap
allowance resulting in clusters that only contain the interruptions to the sleep state rather
thantrue microstates. This is unlikely for two reasons. First, the average duration of these
cortical clusters is beyond the limits imposed by the scoring criteria and second, brief
interruptions to otherwise steady states are far more frequent than apEacemdained

in these clusters:inally, the study design and data collection resulteddonsistent

recording lengths within and between conditioisthin baseline, recording lengths

could vary by up to three hours and the start of thetasktsleepecording varied

between immediately after the task to up to an hour lskany posttask changes are

found in the first thirty minutes of pestsk slee@nd would have dissipated entirely in

some casefEschenkeet al., 2008). However, the differendestween roughly two hours

of uninterrupted sleep and approximately hlmurg sleep sessions interrupted by

handling and a task should not be underestimated. Idbakgline recordings should

have been divided into two sleep sessioits thehandling bytheresearcher and

placement irthe test chambeAdditionally, animals would also be recorded franross

the same days in order to allow for proper comparisbimste are also certain

considerations for clustering that should encourage caution when evaluating the results of
clustering algorithmd=irst, without a known outpwthich would establish an endpaqint
clustering will carry on until convergence, regardles meaningfulnesg& common
convergence problem arises when each data point beeoohester with perfecbut
meaningless separation. A way around this is bjuatiag the clusters with a CVI.

However, there is a remarkable number of CVIs all withouarlevel accessibility and
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meaningfulness without reliable a priori tests for suitability between datasets and
evaluation criteria, sorting through them quickly becomes a headache. The field often
uses subjective post hoctdeminations of usefulnesgith few mehods of validating the
results. Validation usually amourttsusingsynthetic datasets which may or may not be
representative dhe real data in question or reshuffled data, a process beyond the
processing power of the operating system usedifsipaper.
4.8 Future Directions

Aside from reproducing this study to overcome the various limitations outlined
above, this study presents several new questions to be answered. First, the nature of the
taskmayinfluence whether the associated cortical area is more acdassirrenwith
the global brain statend to differing extentsn this study, a motor learning task was
utilized and the motor cortex investigatédit the presentation afvisual task could
affect these outcomeshis leads to a line of questioning regarding whether certain
cortical areas are more flexible when it comes to reliably entering the global brain state
and whether tasks that rely on those areas can affect adherence to glotedll maia
states.

Second, given the natuoé this motor task paradigraterality could be a factor
in these effectsThis paradigm was undertaken in a freely behaving rodent, which would
naturally limit measuring the degree to which ipsilateral and alatéral motor
behaviours were expressed. However, the question remains as to whether the contralateral
motor cortex would adhere to either the global brain state or a local state found in the
corresponding ipsilateral cortex. This remains a questiontinr@ive and task

dependent states.
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Finally, there is a question of whether other techniques could complement those
used in this study and clarify underlying mechanisms of adtiéR.recordings in
conjunction with behavioural data have given the grodsmeutf a difference in
function. To get a finer picture, other techniques such as simifieecordings would be
useful in determining whether there are cellular changes in excitation or inhibition
mediating the effects found here or whether these sffgetmediated by a specific

population or subpopulation of neurons
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5. Conclusion

These findingsupport thgpresence ofdcal and global LFP microstates,
implicating them in procedural learning, and thastecion through PCA and-neans
clustering as nosarbitrary technique<lustering isrelativelysensitive and specific to
sleep states in unscored data and behavitniterencetPAC and IRtPAGire responsive
to proceduralearning and transcranial stimulatidrhe persistence of these states under
other conditions and the extent of their physiological ra#gsiires further research

especially due to the limitations imposed the dataset.
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Figure 8B: Representative Plots of DawiBsuldin and Silhouette Cluster Evaluation.

The motionless cluster (Cluster 7; red) was not distinguibliesither DavieBouldin or
Silhouette The overfit exhibited in the Calinskiarabasz validation was determined t
be less detrimental to the analysis than the more accurate cluster cousngems D
Bouldin and Silhouette with inappropriate divisions.
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Figure S9Artifact Peaks in Coherence. When artifact peaks were present, they we
precise frequency to a tenth of a Hertz. There was no deviation from the frequenc
conditionalthough the strength of the peak variBASE = Baseline, TASK = Task,
Total = Baseline and Task combin&®EM, SWS and Wake were combined as the
artifact peaks were present in all sta¥slues are given as proportion with 95%
confidence interval
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Figure S10Representativ€lusterStrength and Count Distribution. Cluster strengtt
was calculated according #éoformula by Fellous et al., 2004. There was no statistic
di fference kmhagtewd &n ctlhuestfegst rcount by t
CalinskiHarabasz. The strength value varied significantlyglue< 0.05), but both
the CalinskiHarabasz selected clusters and the Fellous clusters were considered
(mean strength >2Jhis was consistent between all conditions and brain states.
should be noted that tlstrength measurear i ed unpr e diclistesslall
cluster)oftehavi ng a significantly differe
more popular reasures have values approaching the optiné&ney = Fellous, black =
CalinskiHarabaszAn example of strong Calinskiarabasz clustering is also include
(Clustering Strength 27.8).
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