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Abstract

Sleep onset insomnia is a common sleep disturbance, particularly in the pathological ageing pop-
ulation such as patients with neurodegenerative diseases and dementia. The bi-directional rela-
tionship between sleep disorders and neurodegeneration makes it a novel early-stage treatment
venue. Pharmacological treatments for insomnia often cause side effects and fail to show cog-
nitive benefits. Novel neuromodulatory approaches, especially phase-synchronised closed-loop
auditory stimulation targeting neural oscillations, have been promising candidates for enhancing

deep sleep, but are yet to be explored for augmenting sleep onset.

Standard sleep staging has poor temporal resolution and bad matches to subjective experi-
ence, especially for patients with sleep-onset insomnia. Therefore, a better understanding of the
falling asleep dynamics outside the sleep staging is necessary for better outcome measurements
and closed-loop control. This thesis aims to study the falling asleep brain dynamics measured via
electroencephalogram (EEG) on large sleep datasets and test the feasibility of using closed-loop
auditory stimulation to augment the process. I first developed a novel feature-based statisti-
cal learning approach to explore the EEG dynamics and identified several whole-brain EEG
biomarkers for distinguishing the wakefulness and sleep onset states. Combined with the dy-
namical systems theory, I then built a functional model to describe the continuous falling asleep
transition dynamics as a catastrophic bifurcation process. Additionally, I explored the regional
brain dynamics and their interactions during the falling asleep process, which provided further

insights into sleep initiation.

Lastly, I present a nap study to test the feasibility of phase-synchronised auditory stimulation
in augmenting falling asleep, using the EEG biomarkers identified as outcome measurements.
I also tested the effect of auditory-intervened naps on memory functions. The results showed
a weak positive effect on associative memory. Further refined analyses are necessary to reveal
mechanistic insights and guide future experimental explorations for a personalised stimulation

design.
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1. Introduction

1.1. Sleep, insomnia, and its interventions

1.1.1. Sleep and sleep disturbances in neurodegenerative diseases

Sleep is normally defined as a recurring reversible state of reduced or even loss of cognitive
responses, sensory actions, and active physical interactions with the external world (Bear et al.,
2020). It is a universal biological phenomenon and an indispensable biological necessity for
the preservation of human well-being, like food or air (Grandner and Fernandez, 2021). We
spend, on average, one-third of our lifetime in sleep, so why is sleep so important? It has been
demonstrated that sleep plays a crucial role in various physiological processes. One of the most
well-established functionalities of sleep is the formation and consolidation of long-term memory
on both neuro-behavioural levels and immunological memories, especially during slow-wave sleep
(SWS) (Born et al., 2006; Rasch and Born, 2013). Normal sleep patterns have also served as an
important regulation for normal body physiology, such as hormone levels, blood pressure, and
other metabolisms (Allada and Bass, 2021). Additionally, sleep is also important for clearing the
metabolic waste products and neurotoxins (such as B-Amyloid) in the brain via regulations of
the flow of interstitial fluid and cerebrospinal fluid, thus improving cognitive function and brain
health (Lewis, 2021; Yankova et al., 2021). In the situation of sleep deprivation (lack of sleep),
normal cognitive functions and mood will be impaired (Dijk and Landolt, 2019), as sleep has
been found to play a crucial role in regulating emotional processing and maintaining emotional
well-being (Goldstein and Walker, 2014). In sum, deviant sleep patterns are closely associated

with impacted life quality and a lot of diseases (Zisapel, 2007).

In the reverse way, these factors are also important in the regulation of normal sleep. For in-
stance, disruptions in mood and normal body health could significantly impact the quality of
sleep (Stewart et al., 2020; Konjarski et al., 2018). Specifically, sleep disturbances have been
reciprocally related to many mental diseases (such as depression or anxiety) (Alvaro et al., 2013;
Anderson and Bradley, 2013), and the cognitive declines and the pathologies of many neu-

rodegenerative diseases and dementia (Naismith and Mowszowski, 2018; Anderson and Bradley,
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2013). Formally, sleep disturbances encompass several different symptoms, including insomnia
(difficulty in initiating and maintaining sleep), hypersomnia (e.g., excessive daytime sleepiness,

narcolepsy), and parasomnia (such as nightmares) (Cormier, 1990).

Compared to young people, the normal ageing population will have reduced capability in initiat-
ing and maintaining sleep. Specifically, elder people tend to fall asleep more slowly, have more
fragmented and shallower sleep, and have shortened sleep duration (Mander et al., 2017). There
will also be significant changes in the micro-structures of sleep patterns in elderly people (such
as slow-waves and spindles in electroencephalograms), which are closely related to the disrupted
functionalities and benefits provided by the sleep (Mander et al., 2017). In neurodegenerative
dementia patients (or, say, pathological ageing), sleep disturbances are more pervasive (Bliwise,
1993). Different neurodegenerative diseases have different pathologies, and thus different poten-
tial symptoms of sleep disturbances (Raggi and Ferri, 2010; Naismith et al., 2011). For example,
Parkinson’s disease (PD) belongs to the synucleinopathies and is characterised by the loss of
dopaminergic neurons and the spread of a-synuclein and ubiquitin proteins. Rapid eye movement
(REM) sleep behaviour disorder (RBD) is a type of sleep disorder that is specifically related
to PD and often treated as early-stage hallmarks of PD pathology and PD-related dementia
(Lin and Chen, 2018). One of the most well-studied neurodegenerative diseases is Alzheimer’s
disease (AD). AD belongs to tauopathies and is characterised by the accumulation of B-Amyloid
proteins and tau tangles in the brain. AD patients suffer from many different sleep disorders,
such as the specific sundowning syndrome: abnormal agitation or distress causing disruptions of
sleep (especially in the evening). The AD pathologies are closely related to sleep disturbances.
The accumulation of 3-Amyloid is closely associated with increased sleep fragmentation and loss
of non-rapid-eye-movement (NREM) sleep in both mice models (Roh et al., 2012) and human
(Mander et al., 2015). The regional accumulation of tau tangles (especially in the sleep-regulating
areas such as locus coeruleus) also causes early-stage sleep abnormalities before neurodegenera-
tion (Holth et al., 2017). Specifically, this interaction between neurodegenerative dementia and
sleep disturbances has been shown to be bi-directional. It has been found that 3-Amyloid level
is regulated by the wake-sleep patterns, and sleep deprivation could lead to the accumulation
of the neurotoxin (Kang et al., 2009). The B-Amyloid level increases with wake time due to the
synaptic activities in the neuronal firing, which would then be cleaned up mostly during NREM
sleep (Xie et al., 2013) (the waste-cleaning function of sleep mentioned previously). Disrupted
wake-sleep cycles, shallower slow-wave sleep (SWS), and sleep fragmentation could then lead
to the failure of neurotoxin clearance, and as a vicious cycle, the accumulation leads to worse
sleep disturbances and more increased neuronal activities, pushing deeper the disease progres-
sion (Ju et al., 2014). In a longitudinal view, even prior to symptoms of cognitive declines or
other pathologies, increased sleep disruptions are causally related to higher risk factors for AD
(Lim et al., 2013; Shi et al., 2018). Early treatment of sleep disorders has also been proven to

delay the progression of cognitive impairment (Osorio et al., 2015). These bi-directional causal
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linkages make sleep an important potential early-stage treatment venue to prevent or change

the disease progression of neurodegenerative dementia (Mander et al., 2016).

1.1.2. Insomnia, and its current treatments

Among the many sleep disturbances, insomnia is the most common one, which affects around
30% of the population (Roth, 2007). Insomnia is normally defined as the difficulty in falling
asleep, maintaining sleep (many fragmentations and shallower sleep), and early-morning awaken-
ings. Clinically, the diagnosis of insomnia will classify patients into primary insomnia (insomnia
is the main symptom not associated with any other disorders), or secondary insomnia caused by
external drugs or neuropsychiatric disorders. (Roth and Roehrs, 2003). Whichever type, insom-
nia disorder itself is a vicious cycle. Insomnia normally causes disrupted daytime functionalities
and accounts for a lot of mental disorders. In the reverse way, these mental disorders are also
important risk factors for sleep disruptions (Anderson and Bradley, 2013). In general, the causes
of insomnia can be complex. For instance, the previously mentioned neuropsychiatric disorders
and neurodegenerative diseases could lead to insomnia. There are other causes, such as sleep-
disordered breathing (Lavie, 2007) or behavioural disorders (Roth and Roehrs, 2003). Contrary
to being drowsy and non-responsive, insomnia patients tend to be hyperaroused, with increased
beta electroencephalogram (EEG) activities and lower delta band (slow frequency) activities,
indicating a shallower sleep state (Marzano et al., 2008). The hyperaroused sleep state is also
manifested in the incapability of maintaining the sleep states (Wei et al., 2017), as well as the
phenomenon of paradoxical insomnia, where the participants remain consciously awake while
brain EEG patterns show another way (Rezaie et al., 2018; Manconi et al., 2010). The neu-
rophysiological mechanisms behind insomnia disorders are also complex, and not fully studied.
For instance, disrupted circadian phases (such as in night-shift workers) could lead to insomnia.
Recent research has proposed that the vulnerability of insomnia depends more on brain circuits

governing emotions rather than those governing wake-sleep regulations (Van Someren, 2021).

Linking to the previously mentioned benefits and functionalities of sleep, for insomnia patients,
better initiation and maintenance of the sleep state are more important for the potential bene-
fits to occur. As discussed previously, sleep is an important early-stage intervention target for
neurodegenerative diseases and dementia. The current treatment methods for insomnia include
pharmacological treatments and non-pharmacological approaches. Pharmacological treatments
include y-aminobutyric acid (GABA) inhibition-enhancing drugs such as benzodiazepine or non-
benzodiazepine hypnotics, or other anti-depressants and antipsychotics (Dauvilliers, 2007). How-
ever, most of the drugs have significant side effects, no cognitive benefits, and even deteriorate
disease progressions. For instance, benzodiazepine hypnotics have been shown to cause amnes-
tic effects and worse memory performances as in cognitive impairment (Fava, 1996; Hall-Porter

et al., 2014). Non-benzodiazepine drugs such as zopiclone, although remaining as the first-line
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insomnia treatment drugs, have also been shown to cause amnestic effects (Fava, 1996; Wisden
et al., 2019), and even increased risk of dementia (Shih et al., 2015). Furthermore, most of these
GABAergic-based drugs can cause drug resistance, dependence, and rebound after stopping
(Wisden et al., 2019). Mechanistically, these drugs normally disrupt NREM sleep rather than
enhance it and cause changes in neuronal oscillations countering memory consolidation (Mander
et al., 2016).

There are many non-pharmacological approaches for treating insomnia disorders. A very simple,
non-invasive, but effective treatment technique is called cognitive behavioural therapy for chronic
insomnia (CBT-I). By changing sleep hygiene, thoughts, and behaviour, normally insomnia
issues can be relieved. However, it is unclear whether CBT-I could have memory benefits
and changes in disease progression (Mander et al., 2016). Novel neuromodulation approaches
tend to be a more promising candidate for treating insomnia disorders, especially NREM sleep
enhancement, by targeting the neuronal oscillations directly. In the seminal study by Marshall
et al. (Marshall et al., 2006), they applied a transcranial electrical stimulation at 0.75 Hertz
(Hz), and successfully entrained the slow-wave activities and enhanced overnight declarative
memory performances. Further successful replications have also shown its efficacy in elderly
adults (Westerberg et al., 2015). Of course, there are failed replications (Eggert et al., 2013),
which actually underscore the complexity and unknown mechanisms behind the modulation of

brain rhythms.

In recent years, as an even less invasive neuromodulation technique, auditory stimulation has
become a promising sleep aid for the treatment of sleep disorders (Yoon and Baek, 2022).
Compared to electrical stimulation, auditory stimulation is safer, easier to apply, and requires
less training for the patients to use. In this thesis, the use of auditory stimulation in targeting
sleep-onset insomnia (difficulty in falling asleep) will be the main focus and will be further

discussed.

1.1.3. The need for novel neuromodulation paradigm in augmenting sleep-onset

The auditory stimulation in targeting the brain oscillations has been widely applied and tested
in sleep neuromodulation and treating sleep disorders. The most successful application by far is
the use of auditory stimulation in boosting slow-wave activities during deep NREM sleep. Ngo
et al. applied auditory stimulation (50 milliseconds of pink noise) phase synchronised to the
up-phase of the slow-wave oscillations in EEG could boost slow-wave activities, and enhance
overnight memory performances (Ngo et al., 2013). There are many successful replications of
this result (Ong et al., 2016), still, there are failed attempts as well (Cox et al., 2014; Weigenand
et al., 2016). Mechanistically, the nonlemniscal pathway is activated during sleep via auditory
stimulation, alerting the brain to external events, and causing widespread depolarisation of

neurons across the cortex followed by hyperpolarisation, similar to the slow-wave activities
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(Bellesi et al., 2014). This activation of synchronisation leads to a broader distribution of slow-
wave activities, which were believed to be generated in a local pattern (Bellesi et al., 2014;
Siclari et al., 2014). Under this mechanistic framework, there are many important factors to
consider for effective stimulation, which further underlines its complexity. One of the most
important aspects could be the stimulation timing (the phases of the neuronal oscillations to
which the stimulation is synchronised). For instance, open-loop stimulation has been shown
with no memory benefits (Weigenand et al., 2016), and targeting the wrong phases (down-phase
of slow waves) could lead to reversed effects in both slow-wave activities and memory functions
(Fattinger et al., 2017). This will be further discussed in Section 2.6, where the phase-locking
paradigm will also be introduced. Aside from the timing, the type of audio tones used is also
important. Research by far used many different types of audio tones, including coloured noise
(white or pink), natural sounds (rain, for instance), or even music (Yoon and Baek, 2022). Most
of the studies used pink noise in deep sleep stimulation, which has a broadband spectrum, to
elicit a more pronounced response. The nonlemniscal pathway is very susceptible to habituation
under repeated stimulation due to the fact that the original purpose of this pathway is to detect
abnormalities in an unconscious situation (Bellesi et al., 2014). Interestingly, pink noise has also
been shown to be robust in effects (Debellemaniere et al., 2022). Other factors include the sound
volumes (stimulation intensity) and sound frequency. The volumes should be strong enough to
take effects on the ongoing brain oscillations, but also not too strong to elicit arousals, as the
nonlemniscal pathway comprises the arousal-promoting systems (Bellesi et al., 2014). Volumes
are also suggested to be adjusted in real-time according to sleep depth to achieve maximal effects
(Esfahani et al., 2023). Similarly, the sound frequency is suggested to vary over time, to avoid
the habituation effects. Most importantly, there does not seem to be a ‘one for all’ solution as
the optimal stimulation. Schneider et al. (Schneider et al., 2020) tried to replicate the slow-wave
enhancement results in elderly participants but failed, implying the need to further understand
the nature of the stimulation, as well as the need to develop a more ‘personalised’ stimulation

paradigm.

Focusing on insomnia disorder, and specifically sleep-onset insomnia, there are very few studies
that studied the effects of inducing sleep onset (Forquer and Johnson, 2007; Messineo et al.,
2017; Kawada and Suzuki, 1993; Montgomery-Downs et al., 2010; Nasari et al., 2018). However,
most of these studies used different types of sounds and volumes: 60-70 decibels (dB) white noise
(Forquer and Johnson, 2007), 60 dB pink noise (Kawada and Suzuki, 1993), broadband sounds
(Messineo et al., 2017; Montgomery-Downs et al., 2010), or natural sounds (Nasari et al., 2018).
Although they showed a significant decrease in the sleep onset latency, some studies are severely
underpowered given a very small amount of participants (N = 4 for (Forquer and Johnson, 2007;
Kawada and Suzuki, 1993). The results are further confounded by the distinct and potentially
biased sleep onset latencies measurements, such as sleep questionnaires or surveys (Forquer and

Johnson, 2007; Nasari et al., 2018), or even just signs of immobility (Montgomery-Downs et al.,
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2010). In general, these differences make all these studies difficult to compare and generalise.
There are also negative results, for instance, Daum et al. showed that the effect on latencies (to
stage N1 or N2) highly depends on personal responsiveness to stimulation (Daum et al., 1988).
There has been no study by far that systematically explores the timing and other stimulation
factors (such as target frequency of neuronal oscillation) in the effect of inducing sleep-onset.
Importantly, sound stimulations can disrupt the brain rhythms underpinning the transition to
sleep thereby impeding falling asleep. Following the path of the investigations in the slow-
wave sleep enhancement, phase-synchronised auditory stimulation will be applied to augment
sleep onset (or facilitate falling asleep), targeting neuronal oscillations directly. There have
been preliminary studies supporting the rationale of using phase-locked auditory stimulation
to modulate vigilance. This will be further discussed and introduced in Chapter 6, where the

experiment using auditory stimulation to boost sleep onset will be shown as well.

Currently, the most commonly used outcome measurement is based on sleep staging (see in-
troduction below). It can only be a statistical quantification but not a subjective experience,
especially in insomnia patients (see previous). In addition, to develop a closed-loop ‘personalised’
stimulation, there needs to be a deeper understanding of the brain dynamics during the falling
asleep transition. Therefore, this thesis starts by exploring systematically the brain dynam-
ics (quantified via EEG) during falling asleep: the dynamics biomarkers that best distinguish
the wake and sleep states (Chapter 3 and Chapter 5), and functional models in describing the
transition dynamics (Chapter 4). These understanding and tools will provide a solid ground
for further developing a ‘personalised’ system based on the specific information from the brain

directly.

1.2. Electroencephalogram for the quantification of sleep

1.2.1. Electroencephalogram in capturing brain electrophysiology

The brain is an incredibly intricate system, composed of billions of neurons with complex struc-
tures and interconnections. There are many different levels of brain activity measurements,
ranging from the activity of individual neurons (patch-clamp) to the activity of extracellular ac-
tivities (such as local field potential) and whole-brain imaging techniques. The electroencephalo-
gram (EEG) is one of the whole-brain imaging techniques. EEG measurement is normally done
by attaching flat metal electrodes to the scalp, to detect local electrical activities of the cortical
neurons. As one can see, EEG only measures cortical activities, with no knowledge about deep
brain activities. Briefly, the electric potential that EEG records comes from the synaptic ac-
tivities (excitatory or inhibitory potentials) of the regional cortical pyramidal cells (Olejniczak,

2006). The polarity of the EEG signal is determined by the excitatory (or inhibitory) synaptic
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inputs at the apical (or basal) dendrites of the pyramidal cells. Of course, what EEG is measur-
ing is actually the sum of all the electrical activities underlying the electrode. There are many
determinants for the magnitude of the EEG signals. For instance, when the cells have long so-
matodendritic axes and are aligned with each other, their electrical currents will have a stronger
dipole and sum with each other (compare Purkinje cells and pyramidal cells, for instance). The
other key factor is the synchronisation of the neuronal firings. When the neurons fire simulta-
neously, their electrical currents sum up to a larger EEG amplitude. One example would be
the slow-wave activity during NREM sleep, as mentioned previously. Another example would
be the EEG dynamics during the seizure, where the neurons are highly synchronised during
which the patient will be unconscious. In sum, the different oscillation patterns and frequencies

represent important information about underlying neuronal dynamics.

The first EEG recording was done by Hans Berger (Berger, 1929). His name is also well-known
for the Berger effect, when people close their eyes, the EEG pattern will show synchronised
alpha activity (around 10 Hz), especially at the occipital region. To measure EEG activity, the
electrodes need to be placed on the relevant locations on the scalp. Currently, the standard
for the electrode placement follows the 10-20 system (Homan, 1988). The electrode names are
dependent on the cortical lobes they are measuring: Frontal, Parietal, Occipital and Temporal,
and the numbers denote the left (odd) or right (even) side. There are 21 electrodes in the original
10-20 system, but nowadays, there are many other systems with many more electrodes, called
high-density EEG recordings. The absolute EEG amplitude is extremely small (only around 10-
20 microvolts); therefore, to get high-quality EEG data, the signal amplifier and the recording
environment need to be well controlled. In the actual EEG recording setups, there will be a
ground electrode (to put the amplifier and body at the same potential level) and a reference

electrode (relative to which the EEG activity is measured).

The most standard way to analyse the EEG signals is the power spectrum analysis, which
generally analyses the oscillation power at different frequencies. The oscillation activities are
generally divided into different frequency bands: delta band (0.5-4 Hz), theta band (4-8 Hz), al-
pha band (8-12 Hz), beta band (12-30 Hz), and gamma band (above 30 Hz). Different frequency
bands correlate to different brain states and functionalities. The Berger effect was one exam-
ple previously. Low-frequency band activities normally correspond to drowsiness; for instance,
the slow-wave activities belong to the delta band. Higher frequencies, such as beta or gamma,
are normally related to high-level cognitive functions in the brain. The abnormalities in these
different band activities are also important diagnostic criteria for many diseases (Schomer and
Lopes da Silva, 2017). The previously mentioned higher EEG beta-band power at sleep onset for
insomnia patients is a quick example. With the advance of mathematics and signal processing,
there are now many other advanced analysis methods for the EEG signals as time series data,
for instance, the many nonlinear metrics used in this thesis (introduced later). These different

methodologies can contribute to a better mechanistic understanding of brain function, as well
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as more sensitivity as biomarkers to detect different diseases.

Compared to other whole-brain imaging methods of brain activities, such as functional magnetic
resonance imaging (fMRI), EEG is much easier to set up, has a lower cost, and a much higher
temporal resolution. However, fMRI has much greater spatial resolution compared to EEG, as
it is capable of detecting hemodynamic responses in deep brain structures. Modern high-density
EEG recordings combined with a source-locational analysis (Srinivasan et al., 2006) has, to some
extent, remedied this drawback, but the algorithmic reconstruction of the sources of activities

still cannot compare to the actual three-dimensional imaging by the fMRI.

1.2.2. Sleep EEG and standard sleep stagings

EEG has long been used to study sleep state changes in the brain. The study by Loomis et
al. (Loomis et al., 1937) provided the very first descriptions of the brain dynamics at different
stages of sleep. They classified the sleep into five different states from A to E: from alpha trains
to ‘null’ (low voltage recording) and to 14-per-second (Hz) waves, now known as spindles, and
to ‘random’ patterns. Dement and Kleitman did some minor revision in 1957 (Dement and
Kleitman, 1957b), and spindles were marked as the start of sleep stage 2, where stages A and
B (from the previous study) were combined into stage 1, which is very similar to the criterion
nowadays. In the same year, they also identified the cyclic pattern of NREM and REM sleep
across the night, and found that eye movements in sleep are related to dreaming (Dement and
Kleitman, 1957a). The current standards of sleep stagings all stand on these solid research

foundations.

There are two major staging criteria used nowadays: the Rechtschaffen and Kales (Rechtschaffen
and Kales, 1968), and the American Academy of Sleep Medicine (AASM) (Silber et al., 2007),
with the latter one dominant now, and used in this thesis. The AASM sleep staging criterion is
illustrated in Figure 1.1. When people close their eyes to go to sleep, the brain EEG patterns
show alpha trains (recall the Berger effect). During the process of falling asleep, the brain
rhythms slow down gradually, showing the theta waves (stage N1) and then delta waves in
stage N2 sleep (where ‘N’ stands for ‘NREM’). The start of stage N2 is normally defined as
the appearance of K-complexes and spindles, two important EEG micro-events during sleep.
Sleep spindles refer to a type of waxing and waning fast oscillation (12-15 Hz) that normally
happens in light NREM sleep (stage N2 mostly). Spindles have been shown to be modulated by
the up-phase of the slow-wave activities and provide important time frames for the information
transfer from the hippocampus to the neocortex (Molle et al., 2009; Staresina et al., 2015).
The density of spindles and the functional coupling between spindles and slow-wave activities
have also been shown to be correlated with memory performances (Helfrich et al., 2018). The
K-complex is a brain wave pattern characterized by a brief high-voltage spike that lasts for

longer than 0.5 seconds. K-complexes have been proposed to be a specific type of slow waves
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Figure 1.1: Demonstration of standard sleep staging and corresponding EEG dynamic properties.
The different EEG patterns are associated with different stages of sleep. The start of alpha trains in EEG implies
drowsiness. With sleep going deeper, theta waves will occur (stage N1), with the occurrence of spindles and
K-complexes hallmark stage N2, which is also widely accepted as the onset of sleep. Stage N3 is represented by
large-amplitude slow-wave activities, this is also the deepest NREM sleep. REM sleep pattern consists of sawtooth
theta waves and looks like the awake EEG. Figure adapted from Wright (2009) with the kind permission from
the publisher Springer Nature.

that occur in NREM sleep that further promote cortical synchronisation (Haldsz, 2016). As
the sleep goes deeper, the cortex starts to synchronise, displaying a large amplitude, but slow-
frequency slow-wave activities (normally 0.5-2 Hz, stage N3 sleep). All the previous stages are
called NREM sleep in general. The REM sleep stage is the most intriguing stage during the
entire night, where the EEG patterns resemble that of wakefulness, along with the suppression of
muscle tones and the presence of rapid eye movements. REM sleep can also be further classified
into phasic and tonic states, representing different physiological processes in the brain such as
alertness or information processing (Simor et al., 2020). REM sleep normally happens later in
the night (the second half of nocturnal sleep), and it alternates with NREM sleep. In the AASM
criterion, REM sleep is marked as stage 5. However, it is not the ‘deepest’ sleep state, rather,
it is closer to wakefulness, as it is a special sleep stage with cortical activations (Haldsz et al.,
2004). This is also the reason that in the hypnogram (sleep stages plotted over time across the
night), the REM stage is just below the wake stage. In this thesis, the falling asleep period

(from wakefulness to the start of sleep) will be the focus to study and discuss.

In clinical applications, sleep staging is done with additional information from electrocardio-
gram (ECG), electromyography (EMG) and electrooculography (EOG), called polysomnogra-
phy (PSG) as a whole. Nowadays, there are also breathing measurements (such as nasal airflow)

for the detection of sleep apnea. These measurements contribute to a better sensitivity in mark-
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ing the sleep stages and detections of sleep disorders. For instance, during the falling asleep
transition, the heart rate and breathing will slow down, with slow eye movements in the EOG
(see later for further details). The start of REM sleep can be better judged from the flat line
in EMG and rapid eye movements in the EOG. There are also specific EEG montages recom-
mended for PSG measurements, for optimal detection of those specific EEG micro-events (Iber,
2007; Silber et al., 2007). For instance, spindle activities are best detected in the Central region,

while K-complexes and delta-band oscillations are better recorded in the Frontal region.

1.3. The quantification of falling asleep dynamics

The previous section briefly introduced the ‘golden standard’ for the quantification of sleep.
So how is the falling asleep transition happening in the brain? From the perspective of the
golden standard, it seems that the brain ‘jumps’ discretely into sleep from 0 to 1 and then from
1 to 2. However, from personal experience, this process is a smooth ‘continuous’ transition
rather than a jump. Indeed, it has been widely acknowledged that the falling asleep transition
(aka, the sleep-onset process) is a continuous dynamical process in the brain, accompanied by
ceased behavioural responses and different physiological changes (Ogilvie, 2001). Still, one can
easily distinguish whether a person is widely alert or sound asleep, but the intermediate process
between them has been troubling scientists over the years as a ‘no man’s land’ separating the
two states (Merica and Fortune, 2004). In this section, the falling asleep transition dynamics
will be briefly reviewed, from the perspective of biomarkers outside the brain (behavioural and

physiological changes), as well as the brain dynamics quantified via EEG.

1.3.1. The falling asleep period

Before discussing the falling asleep dynamics, it is important to define what is the falling asleep
period. The most crucial aspect of defining this period is to find the sleep onset point. The
exact moment of sleep onset has been elusive, due to the lack of human feedback during this
transition. Currently, the sleep onset is normally defined as the start of stage N2 sleep, with the
appearance of sleep spindles and K-complexes as undoubtful moments of falling asleep (De Gen-
naro et al., 2001b,a). Compared to stage N2, stage N1 is more likely a transient state with mixed
features of both wakefulness and sleep and with the least inter-rater consistency (Rosenberg and
Van Hout, 2013). Using a data-driven approach to decode the intrinsic states during sleep from
the functional magnetic resonance imaging (fMRI) data, stage N1 was also found to be the most

ambiguous and heterogeneous state (Stevner et al., 2019; Rué-Queralt et al., 2021).

Still, this does not mean that stage N2 pinpoints the sleep onset perfectly. Sleep staging is a

highly constrained method due to its low temporal resolutions (one value every 30 seconds).



Section 1.3 37

Specifically, the sleep stage of one specific 30s epoch is determined by the dominant pattern.
That is to say, if 49% of this epoch shows a wakefulness pattern, while the remaining 51% show
a stage N2 pattern, this 30s epoch will be staged N2 sleep rather than wake, and biasing the
judgements of actual sleep onset. Besides, as previously mentioned, the sleep stages determined
from the PSG patterns correspond badly to the subjective experiences of sleep onset (Rezaie
et al., 2018; Yang et al., 2010). Thus, there have been many studies trying to break out the sleep
stage framework and use data-driven approaches to identify representations of intrinsic brain
dynamic states in sleep. For instance, some studies transform the EEG data into a Fourier-based
state space using power spectrum analysis (Schoch et al., 2017; Hermans et al., 2022). Using
advanced machine learning methods, such as topic models or auto-encoders, the EEG dynamics
in sleep can be transformed into clusters, or non-categorical latent states (Hermans et al., 2022).
Similar approaches have also been applied to the fMRI data, as mentioned previously. These
approaches are not perfect, as most of them suffer from sensitivity in hyperparameters and

difficulty in interpretation for clinical or practical uses.

Focusing on the falling asleep period, aside from the endpoint, many studies would also define
a starting point for this period. The most commonly used starting point is the start of alpha
trains (Hori et al., 1994; Siclari et al., 2014). To deal with the inconsistency of the period
length between subjects, some studies would just take a uniform time period before the start
of stage N2 sleep. Defining a starting point (such as drowsiness) might be good for getting a
homogeneous starting state, but one might lose the chance to get insights into the transition of
the pre-sleep state as a key transient path (a preparation stage) towards actually falling asleep
transition (Strauss et al., 2022; Kinreich et al., 2014). In this thesis, the falling asleep period
will be defined from bedtime (the start of the PSG recording) to sleep onset (defined as the first

1-minute of stage N2 sleep), further details will be discussed in the following chapters.

1.3.2. Behavioural and physiological changes during falling asleep

Intuitively, when talking about sleep and falling asleep, the impression is that the person lies
down, stops initiating any movements, and stops responding to external stimuli below a certain
arousal threshold. That definition is primitive, but it was the original way researchers used to
study the transition from wake to sleep, along with EEG dynamics (Davis et al., 1937, 1938;
Flanigan, 1972; Liberson and Liberson, 1966). There are normally two types of behavioural
measurements used, one active and another passive. Active behavioural responses are normally
quantified as responses to external stimuli, for example, auditory stimulations (Ogilvie and
Wilkinson, 1984; Ogilvie et al., 1989) or photic stimulation (Liberson and Liberson, 1966), where,
as expected, the response times lengthen as the transition goes on. The convergence of these
behavioural metrics with the gradual process of loss of consciousness while falling asleep provides

additional value for studying corresponding EEG brain dynamic features (Strauss et al., 2022;
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Comsa et al., 2019), or the prediction of sleep onset probability (Prerau et al., 2014). Passive
behavioural measurements include actigraphy (Hauri and Wisbey, 1992; Martin and Hakim,
2011), which has now become a standard for sleep metrics. Another passive measurement is the
continuous pressure system, and nowadays, combined with EMG, it is used to measure the loss

of muscle control along with the falling asleep process.

There are many physiological changes accompanying the falling asleep transition, along with
brain dynamic changes. There is a significant decrease in respiratory rate during falling asleep,
accompanied by alpha to theta transition in the EEG patterns (Kay et al., 1994; Worsnop
et al., 1998). This reduced ventilation is due to the change in upper airway resistance and
respiratory pumps (Kay et al., 1994; Worsnop et al., 1998), and fundamentally, due to the
central neural control mechanisms (Naifeh and Kamiya, 1981). Heart rates also slow down
during this process, accompanied by a decrease in body temperature (Okamoto-mizuno et al.,
2008). The changes in cardiovascular activities provide a window for studying the changes in
the autonomic systems. Using the power spectrum analysis in the heart rate variability, it was
identified that this cardiovascular change arises from the shift to parasympathetic dominance
during falling asleep (Trinder et al., 2001; Shinar et al., 2006).

Eye movement changes have been the most well-studied physiological mechanisms in sleep. In
1955, Kleitman and Aserinsky used EOG, an electrical recording of eye movements, to study
the eye movement changes during sleep, while all previous studies observed by manually raising
the eyelids (Aserinsky and Kleitman, 1955). In their study, they identified two types of eye
movements in sleep, one is the famous rapid eye movement in REM sleep. Another is the slow eye
movements (SEM). During the process of falling asleep, SEM increases steadily and disappears
when slow-wave activities appear. SEM activity is also found to be positively correlated to sleep
onset latencies and subjective drowsiness levels (Torsvall and Akerstedt, 1988; Akerstedt and
Gillberg, 1990; De Gennaro et al., 2005). This is further validated in EEG power spectrums,
where increases in SEM are paralleled by increases in slow frequency EEG powers (De Gennaro
et al., 2000; Marzano et al., 2007). Therefore, SEM has been a useful biomarker for sleep staging

or prevention of sleep-related accidents (Shin et al., 2011).

Another important physiological marker is body temperature, and it has been known that body
temperature decreases while falling asleep. Heat transfer from the core body to distal areas
(hand or foot) to reduce the core body temperature has been an important physiological step for
facilitating the falling asleep transition (Kréduchi et al., 1999, 2000). On the contrary, increasing
core body temperature disrupts sleep (Fletcher et al., 1999). It has also been shown that skin
and body temperature can be modulated and manipulated to facilitate sleep and improve sleep
depth (Raymann et al., 2005, 2008). The fundamental mechanism behind this is related to the
bidirectional relationship between the body temperature and related neuronal areas that control

sleep and circadian rhythms in the hypothalamus, that the body and skin temperature provide
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additional signalling pathways for regulating sleep patterns (Van Someren, 2000, 2004).

Most of these indexes have been incorporated into the PSG and are important clinical tools for
aiding sleep staging and studying sleep disorders. Fundamentally, these changes are all external
reflections of the internal neuronal regulation process and handovers to the parasympathetic
controls during the falling asleep process. Besides, all these pieces of evidence show that the
falling asleep transition is potentially a snapshot of larger circadian and homeostasis patterns

behind the wake-sleep regulations.

1.3.3. The EEG brain dynamics during falling asleep

The sleep staging provided very poor temporal resolution in quantifying this process. As an
extension, the most well-known fine gradation of the falling asleep period is Hori’s nine-stage
system (Hori et al., 1994). Hori used 5-second epochs and divided the sleep onset process
from standard stage wakefulness to stage 2 into finer-grade 9 sub-stages. EEG starts from
the continuous alpha train (stage 1) to alpha diminishing (stage 2-3); then the EEG starts to
flatten (Hori stage 4), with occurrences of ripples in stage 5; the appearance of vertex sharp
waves (a shorter version of K-complexes that happen before stage N2 sleep normally) with
incomplete spindle traces hallmarks stage 6-7; and finally, complete spindles is the stage 9,
where they defined it as definitive sleep. This finer staging provides insights about the detailed
EEG pattern changes during this process and also provides the framework to be combined with
other modern EEG analysis methodologies (spectrum, coherence or others) in analyzing the
brain dynamics during sleep onset. However, practically, doing sleep staging on 5-second epochs
is very labour-demanding. EEG patterns are also likely to be unstable during the short 5-second

epochs, making scoring even more difficult and confusing (Ogilvie, 2001).

Most of the key findings of the falling asleep brain dynamics come from the EEG power spectrum
analysis. According to the sleep stages, during the falling asleep transition, the EEG rhythms
generally slow down, with increases in the low-frequency powers and decreases in high-frequency
powers. Upon conducting a more comprehensive spatial-temporal quantitative EEG analysis,
it was found that different brain areas exhibit distinct dynamic patterns in the EEG power
bands and display varying connectivity based on coherence analysis. Again, Tadao Hori and his
team initiated the field with an extensive exploration of the topological and temporal changes
of the different EEG frequency bands during the falling asleep process. In 1985, Hori used
the spatial-temporal EEG power spectrum analysis on five midline EEG electrodes to study
the changes in EEG dynamics from 10 minutes before stage 1 sleep to 30 minutes after (Hori,
1985). He found that the theta band activity started to increase in the frontal region (Fz)
first, and the occipital area (Oz) showed the slowest increase of delta activity. This was the
first direct observation that the EEG power dynamics are not uniformly changing during the

falling asleep period across the brain. A series of different studies followed this path. Wright et
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al. (Wright et al., 1995) studied the EEG power changes across the brain in the first and last
minute form stage 1 to 2 transition and found that the midline areas showed the most significant
changes. Using a coherence analysis, they also found a breakdown of alpha coherence between
inter-hemisphere regions. In recent studies, it was found that this breakdown of alpha coherence

actually corresponds to the loss of behavioural responsiveness (Comsa et al., 2019).

Starting from 1997, Hori and his team published a series of papers describing fully the topograph-
ical and temporal dynamics of different EEG frequency band activities as well as the coherence
changes (Tanaka et al., 1997; Morikawa et al., 1997; Tanaka et al., 2000, 1999; Morikawa et al.,
2002), mostly based on the 9-stage system they developed. Most of these findings laid impor-
tant foundations in the current understanding of falling asleep brain dynamics. It was found
that the anterior-central brain areas started to show synchronisation and increased activity in
low-frequency bands (delta and theta) in the early stages of falling asleep (prior to Hori’s stage
5), and the increases were more clear after the appearance of vertex sharp waves (Morikawa
et al., 1997; Tanaka et al., 2000). On the other hand, the alpha band switched from posterior
dominance to anterior between Hori’s stages 3 to 7 (Tanaka et al., 1997). However, notice that
they had a different definition of the alpha frequency band, and they divided the alpha band
into three sub-bands for study based on a principal component analysis. They further extended
their analysis into the sigma band (the spindle frequency range) and found a global increase
of both coherence and power in this frequency band after the stage N1 sleep (Morikawa et al.,
2002). These early studies provided important insights that sleep initiation involves different

local processes and starts before stage N1 sleep.

From the year 2000, De Gennaro and his colleagues contributed to the most significant part of
the picture of falling asleep EEG dynamics. De Gennaro et al. in 2001 conducted a single-Hz
EEG power analysis on a 4-minute period before stage N1, a 5-minute period after stage N2,
and a 4-minute period between the two stages (De Gennaro et al., 2001a). The delta and theta
bands increased monotonically during the process of sleep initiation (before stage N2), with the
alpha and beta bands displaying a monotonic decrease. However, they found that after the start
of stage N2, there was a reversed change in the alpha band (8-11 Hz). This difference implies
a change in the functional meaning of the alpha band activities after sleep onset, where it was
indeed confirmed that while occipital alpha correlates to drowsiness, the frontal alpha activity
after sleep initiation is related to sleep maintaining process (Pivik and Harman, 1995). Recall
from previous that the alpha-band activity shifted from occipital dominance to anterior regions
during sleep onset (Tanaka et al., 1997), and it was also confirmed in many later results that
there is a posterior-to-anterior-spreading of alpha-band activity prior to sleep onset (De Gennaro
et al., 2001b; Gennaro et al., 2004). From their analyses, they also confirmed that stage N2 is
a more solid boundary as sleep onset, and stage N1 is more likely a transient period where the

synchronisation is still building up and alpha-activity is shifting (De Gennaro et al., 2001a,b).
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In 2004, De Gennaro et al. (Gennaro et al., 2004) applied a novel approach called the directed
transfer function, to analyse the information transfer during the falling asleep process, while
previously, all connectivity was based on spectrum coherence with no directional information.
In this study, they found the significant role of the frontal regions in the spread of synchronisation
patterns during the falling asleep period, and this anterior-posterior functional connection was
enhanced in conditions of sleep deprivation (Gennaro et al., 2005). Indeed, the key role of the
frontal region has later been confirmed in several other studies. Frontal regions have naturally
more homeostasis pressure (D’ Ambrosio et al., 2019), and display more sleep needs (Ferrara
et al., 2002), have stronger delta-band activities (especially slow-wave activities) compared to
other regions prior to sleep (Tanaka et al., 2000; Siclari et al., 2014; Marzano et al., 2013),
where these analyses further show that it also plays the imperative role as a stabiliser in sleep

initiation.

Recent analyses of EEG data during the falling asleep transition focus more on the neurophysi-
ological and functional insights, thanks to the source locational analysis that can help identify
current sources of EEG data. Siclari et al. (Siclari et al., 2014) analysed the falling asleep
period from alpha trains to the start of slow-wave activities and found two types of slow-wave
activities, with different cortical sources and functional meanings. At an earlier stage, a bottom-
up synchronisation (similar to the function of K-complexes) results in the type-I slow waves,
which involve a large frontal-medial region. At a late stage, when sleep is probably established,
there will be a different slow wave with a smaller amplitude but more density across the entire
cortex, as a sign of global synchronisation. They also discovered that spindles were sparse in the
beginning, while during the transition, spindle frequency dropped and spread to more cortical
regions. Guerrero and Achermann (Fernandez Guerrero and Achermann, 2018) further used
effective connectivity metrics to study deeper brain structures and found the anterior-posterior
decoupling of the default mode network (DMN) while falling asleep. Specifically, the posterior
cingulate cortex (as a central node of DMN) plays an important functional role by information
transfer to the other DMN nodes. This was later verified in the fMRI study by Stevner (Stevner
et al., 2019) that the mean increase of activation in the DMN seems to be an essential path
towards sleep onset transition. Aside from the spectrum power itself, the changes in the oscil-
lation rhythms (local frequency peaks in the spectrum) have also been widely studied recently.
Marzano et al. (in De Gennaro’s team) (Marzano et al., 2013) systematically studied the power
and oscillation changes in each frequency bin before and after sleep onset. They verified many
of their previous findings, for instance, the anterior dominance of the slow-wave activities, early-
stage synchronisation in low-frequency bands in the anterior regions, and the shift of alpha from
posterior to anterior. In addition, they identified that the occipital region shifted from alpha
dominance to theta. Oscillation patterns also change significantly with their power. Beta oscil-
lations decreased gradually along with their power reduction, while delta power and oscillations

both showed increases. Sigma band oscillation increased (due to the appearance of spindles) and
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showed a central dominance. Achermann et al. (Achermann et al., 2019) used a different method
to detect the oscillatory events (using an autoregressive model to detect oscillation damping)

and identified similar findings in general.

One important and interesting phenomenon during the falling asleep process is the hypnagogic
experience or dream-like mentation. In Hori’s study (Hori et al., 1994), it was found that the
hypnagogic experience is highest in Hori’s stage 5, after alpha flattening and before the appear-
ance of vertex sharp waves. Functionally, the hypnagogic events are related to the activation of
the DMN (as described previously), which is further related to the increased metabolic activ-
ity in the visual cortex (occipital area) during the transition process (Kjaer et al., 2002). The
visual images during the falling asleep period can even be decoded from the occipital fMRI dy-
namics (Horikawa et al., 2013). This functional relevance could also probably explain the later
slow-wave dominance in the posterior regions (Gorgoni et al., 2019). Further intracranial EEG
recordings also found that the earlier deactivation of the thalamus than the cortex resulted in
a still-excited cortex during the falling asleep transition, and thus the hallucinations (Magnin
et al., 2010).

What can we get from these studies as a whole? Firstly, the falling asleep transition is not
uniform both temporally and spatially, with different frequency bands showing different cortical
dominance, cortical sources, oscillation patterns, and significant cortical connectivity changes
and information transfer patterns. For a more detailed review, see Gorgoni et al. (2019, 2020).
Secondly, although lots of these studies showed complex spatial-temporal EEG power band
dynamics, and defined different ‘falling asleep periods’ (in both duration and definition) to
study, some general patterns can still be observed. The frontal region starts to synchronise first,
with the highest low-frequency activity (indicating the sleep pressure) and serves an important
functional role in synchronising the entire cortex. The alpha activity shifts from occipital to
frontal, serving a sleep maintenance role. Occipital areas shift from alpha dominance to theta
activity, which is functionally linked to hypnagogic events and DMN activations. Still, one
important challenge within this field of study is to link the EEG-based findings to underpinning
neuronal controls. The wake-sleep transitions are regulated by deeper brain structures (coming
next), but EEG only captures the superficial cortical activities. In Chapter 4, a dynamical system
framework based on underpinning neurobiology of wake-sleep regulations will be proposed to

capture the changes of different EEG feature dynamics as a whole.

The previous dynamics discussed all belong to a ‘normal’ falling asleep transition. Another
path of the study revolves around how sleep deprivation could change the dynamics. In sleep-
deprived participants, there would be higher sleep homeostasis forces, which could thus lead to a
different transition pattern and provide more mechanistic insights about the process. This is not
reviewed here. Fundamentally, the transition pattern is a more intense and accelerated version

of the normal one (Gorgoni et al., 2020). There are, of course, more questions in this regard. For
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instance, children display a different synchronisation pattern during the transition (Spiess et al.,
2018). Genders also play a role, and girls were found to be more susceptible to sleep initiation
problems (de Zambotti et al., 2020). Ageing is another big factor, as it has been shown that
older adults reach a relatively shallower sleep onset state, and are thus more susceptible to
sleep fragmentation (Gorgoni et al., 2021). More questions can be asked about different sleep
disorders, such as narcolepsy and insomnia, or other different neurological diseases, such as AD
and dementia (Ogilvie, 2001). These are by far, not fully studied, and they will not be further
reviewed here as they are outside the general study scope of this thesis. In Chapter 3, some of

these factors will be studied with a novel EEG feature-based approach.

Taking a broader view, the previous studies do not capture the full picture of the EEG brain
dynamics, as all of them are based on power spectrum analysis. There is some other literature
using event-related potential (ERP) analysis to probe the loss of consciousness during the falling
asleep transition. Specifically, an odd-ball stimulation paradigm was very commonly used to
analyse the mismatch negativity (the difference in the ERP when presented a deviant stimuli),
and during the falling asleep transition, the mismatch negativity will gradually diminish (Harsh
et al., 1994; Nittono et al., 2001), implying the underlying changes of the cognitive processing.
Aside from that, there is an emerging field of nonlinear EEG analysis, which could all provide
novel mechanistic insights into different aspects of underpinning dynamics and novel biomarker
potentials (Pritchard and Duke, 1992; Stam, 2005). For instance, it has been found that the
sleeping brain has a lower dimension and lower complexity structures, with lower entropy and
reduced fractal dimension (Ma et al., 2018; Shen et al., 2003). In this thesis, many nonlinear

EEG dynamic features will be considered to study the wake-sleep transition dynamics as a whole.

Fundamentally, EEG is a limited method to measure the brain, only reflecting cortical activi-
ties. There have also been fMRI (Stevner et al., 2019) or positron emission tomography (PET)
(Maquet, 2000) studies for the hemodynamic changes during the falling asleep transition. They
are not further reviewed or discussed here, as from the perspective of this thesis, EEG is the

most feasible way to measure brain activities for neuromodulation purposes.

1.4. The neurophysiology of wake-sleep regulations

1.4.1. The neuronal circuits underlying the wakefulness and sleep

Previously, the falling asleep dynamics were discussed on the level of EEG only. How is this
transition supported by the underlying neuronal circuit interactions? Compared to the time
spent in the NREM sleep bouts, the actual transition time into the NREM sleep only takes less
than 1% of the duration (Saper et al., 2010). In this section, I will shortly present the current

knowledge of the neuronal circuits underpinning the wakefulness and sleep state, and how the
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transition is happening on the circuit level. For a more comprehensive neurobiological review,
see Saper et al. (2005, 2010); Sulaman et al. (2023).

Wakefulness is supported by a wide range of neuronal populations distributed across the brain.
Currently, the framework is mostly based on the well-known ascending reticular activating sys-
tem (ARAS). The wakefulness-supporting circuits have two main pathways, one through the
thalamic relay neurons and the other directly into the cortex (Saper et al., 2001). The first path
contains the ascending pathway from the brainstem towards the thalamus, which activates the
thalamus reticular nucleus and thalamic relay neurons and transfers information towards the cor-
tex. The major input comes from the cholinergic nuclei: the pedunculopontine and laterodorsal
tegmental nuclei (PPT and LDT), whose neurotransmitter is acetylcholine (ACh). Interestingly,
the PPT and LDT also play an important role in the regulation of REM sleep. The role of the
thalamus in supporting arousal is not clear, but the thalamic reticular nucleus has been found to
be crucial in selective attention, which controls the key gateway in the communication between
the thalamus relay neurons and the cortex (McCormick, 1989; Saper et al., 2005). The second
path activates a wide range of neurons in the lateral hypothalamus, basal forebrain and the
cortex, without the thalamus in the middle. The major inputs come from the monoaminergic
neuron populations at the mesopontine level in the upper brainstem and caudal hypothalamus,
including the locus coeruleus (norepinephrine, NA), the dorsal and median raphe (serotonin, or
5-HT), the ventral periaqueductal grey matter (dopamine), and the tuberomammillary neurons
(histamine). Contrary to the cholinergic nuclei, neurons from these nuclei are only active during
wakefulness and fall silent in NREM and REM sleep. In this pathway, the inputs from the
brainstem structures to the cortex are augmented via the basal forebrain structures, especially
the orexin (or hypocretin) and the melanin-concentrating hormone neurons inside the lateral
hypothalamus. The basal forebrain structures play a more important role than just relaying the
messages, especially the orexin neurons in the posterior-lateral hypothalamus. The orexin neu-
rons are also shown to be a critical stabiliser in the wake-sleep regulation system, by suppressing
REM sleep while sustaining wakefulness (Saper et al., 2005, 2010). Lesions of these orexin neu-
rons will cause narcolepsy (Hara et al., 2001), whose major symptoms are very short sleep-onset
latencies, with initial sleep periods containing REM sleep. It remains an open question why
there are so many neuron groups supporting wakefulness. Potential reasons could be that in
the presence of lesions in one structure, the others could compensate and sustain normal wake-
sleep functions (Posner, 2007). These different structures are also important in the regulation
of normal behavioural functions and sensory inputs during wakefulness. One interesting theory
proposed recently is that the cortex is defaulted to synchronised slow oscillations (Bandarabadi
et al., 2020), while these arousal systems stimulate the cortex to disrupt the synchronisation

and support cognitive actions (Sulaman et al., 2023).

The NREM sleep-promoting nuclei mainly reside inside the lateral hypothalamus, following the

findings by Von Economo in early 1930. The most important and well-studied structure is the
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ventrolateral preoptic area (VLPO). VLPO neurons contain mostly the GABA and galanin in-
hibitory neurotransmitters and innervate massively the ASAR system components (Sherin et al.,
1998). The VLPO neurons fire actively during NREM sleep but remain silent in wakefulness
and REM. The lesions in VLPO could significantly decrease the amount of sleep. The previ-
ously mentioned GABAergic-enhancing drugs mostly function by enhancing the inhibition of
the VLPO to those wake-promoting nuclei. Similar to wakefulness, there are also many other
sub-structures in the thalamus and basal forebrain that help maintain NREM sleep (Sulaman
et al., 2023). There are also specific REM-regulatory neuron populations (such as the PPT and
LDT discussed previously), but they fall outside the scope of this thesis and will not be further

discussed.

How are the wake-sleep transitions happening? It was found that there is a mutual inhibitory
relationship between VLPO and many of the wake-promoting structures. Based on this mutual
inhibition, Saper et al. proposed a flip-flop switch model (Saper et al., 2010). For instance, dur-
ing the wakefulness-to-sleep transition, the wake-promoting neurons will cease firing gradually,
while the sleep-promoting neurons (VLPO) will gain advantages and start to fire. The increase
in the VLPO neuron firings will thus cause a stronger inhibition of those wake-promoting sys-
tems, and, thus, a rapid collapse towards the sleep state. This is the fundamental reason behind
the ‘quick’ state transitions, which are much shorter than the sleep state itself. In the individual
neurons, the changes in firing take less than one second (Takahashi et al., 2010), but of course,
to the size of the whole brain, this would normally take several seconds or up to minutes of
transition. This can also be observed in the EEG dynamic feature state space (Diniz Behn
et al., 2010), where the two states show clear-cut EEG power features in two clusters. Based
on these neurobiological insights, several mathematical models (e.g., using neuron mass models)
have been built, illustrating that the wake-sleep transition is a bifurcation process. This will be
further extended in Chapter 4, as currently, there is no empirical evidence, especially in EEG
data, demonstrating this bifurcation dynamic pattern. Inside the flip-flop model, there is an
additional component, with the orexin neurons as the stabilising hand on the two sides. Without
orexin neurons, it was found that the switches become unstable and cause several sleep disorders
(Saper et al., 2010).

1.4.2. Regulations of wakefulness and sleep
The two-process regulation model

The switch presented previously simply serves the ‘functionality’ for the transition, rather than
initiation. The VLPO neurons do not initiate the firings themselves, but only when the external
inhibition from the wake-promoting neurons can be overcome by its internal firings. Currently,

the most widely-used wake-sleep regulation model is the two-process model (Borbély et al., 2016),
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that sleep is regulated by the homeostasis forces and circadian rhythms. The homeostasis forces
have been considered the actual ‘accumulating’ force that helps initiate the transition into sleep.
During wakefulness, several neurochemical interactions and cellular metabolism will produce
‘wastes’, which serve as the internal forces that will cause sleep transitions. Current knowledge
normally associates the homeostasis drives with adenosine, a by-product of cell metabolic activi-
ties, as the internal biomarker. Functionally, adenosine works on the excitatory A2a receptors of
the meningeal cells in the VLPO, leading to stronger inhibition of the arousal systems (Scammell
et al., 2001). The caffeine that we normally consume daily also works via the blockage of A2a
receptors (Huang et al., 2005). Another well-established hallmark of the homeostasis force is
the slow-wave activity in EEG (Borb and Achermann, 1999); The amount of slow-wave activity

increases with the time spent awake.

The other important regulatory factor is the circadian rhythm. One day is 24 hours, and
people’s lives revolve around this rhythm. The master clock in the human brain is found inside
the hypothalamus as well, which is the suprachiasmatic nucleus (SCN). SCN adjusts its internal
clock by responding to external light input in the retina and by the release of a hormone called
melatonin from the pineal gland during darkness (Saper et al., 2005). Injections of melatonin
could entrain the circadian rhythms (Cassone et al., 1986), and it is currently used as a short-
term treatment of insomnia. The SCN does not directly function on the wake-sleep regulatory
systems, but rather, it outputs to an intermediate called the subparaventricular zone. From this
subparaventricular zone, it further extends to the dorsomedial nucleus of the hypothalamus.
The dorsomedial nucleus functions as an amplifier and projects to VLPO for sleep regulations.
Aside from sleep, a lot of other body metabolisms are also regulated by this circadian rhythm.
The dorsomedial nucleus also projects widely to other locations for these regulations, such as the
medial preoptic area (for body temperature), and many different hormone-control areas (Saper
et al., 2005). The 3-stage controlling (with intermediates between SCN and VLPO) ensures
the potential to shift the physiological rhythms to the actual environment and other factors
(Saper et al., 2005). In the previous section, it was mentioned that by modulating the body
temperature, sleep can also be induced via the pathways to the circadian rhythms. Ensuring a
healthy and normal circadian rhythm is thus important in many of these aspects, and disrupted
wake-sleep patterns could lead to disruptions in many of these physiological cycles, and act back
to disrupt sleep initiation. As Sulaman et al. proposed (Sulaman et al., 2023), sleep initiation
is a gradual de-arousal process, where at the usual time, with the same stereotypic behaviour,
one can entrain the body’s rhythms and facilitate sleep initiation by the body’s own regulations

to reduce wake-promoting tones.
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Local sleep regulations

Contrary to prevailing theories that view sleep as a global state, the concept of local regulation
of wakefulness and sleep offers a fresh perspective that could elucidate various sleep phenomena.
A prime example of this local regulation in nature is the bottlenose dolphin, which exhibits
hemisphere-wise sleep: one hemisphere can rest while the other remains awake. Sleep deprivation
in one hemisphere does not impact the other, suggesting independent regulatory processes in each
hemisphere (Oleksenko et al., 1992). In a seminal study on rats, Vyazovskiy et al. (Vyazovskiy
et al., 2011) discovered that cortical slow-wave activities can occur locally, with the entire cortex
simultaneously exhibiting both wakefulness and sleep states. Similar coexistence of wake-like and
sleep-like EEG patterns has been observed in humans (Nobili et al., 2011). Crucially, these local
slow-wave activities, driven by local synaptic changes and cellular demands, are associated with
learning functions and memory benefits (Huber et al., 2004; Murphy et al., 2011). These findings
suggest that sleep could be regulated based on local demands. Krueger et al. (Krueger et al.,
2008) proposed that sleep is not a bottom-up control from the brainstem but a fundamental
property of neuronal assemblies (or cortical columns), driven in a use-dependent manner. Sleep
is influenced by regional sleep needs, determined by regional cellular activities and synaptic
changes. Homeostasis and circadian regulations could also function locally, with global state

transitions driven by accumulating areas of ’local sleep patterns’ (D’ Ambrosio et al., 2019).

The theory of local sleep regulation could provide insights into various sleep phenomena and ab-
normalities. For instance, the spatial-temporal differences in EEG patterns across different brain
regions during the transition to sleep discussed previously could be explained by this theory.
The frontalisation of slow-wave activities reflects a higher sleep pressure in the frontal regions
(Ferrara et al., 2002), due to intrinsically different activation inputs (D’ Ambrosio et al., 2019).
Sleep state transition is not an all-or-none process, but rather a fluid process with a mixture
of both states existing across brain areas (Sarasso et al., 2014). Insomnia patients may have
more locally awake regions, even when polysomnography shows general sleep patterns (Stéle-
sen Ramfjord et al., 2020). Paradoxical insomnia could be explained by excessive local activity
that maintains consciousness. Local sleepiness could also potentially cause cognitive impair-
ment resulting from sleep deprivation or sleep inertia (a brief period of cognitive impairment
after waking up). While this theory is promising, it is still in its early stages. For a more detailed
review, refer to Krueger et al. (2008, 2019).

1.5. The structure of this thesis

The overarching goal of this thesis is to develop the foundations for a closed-loop neuromodula-

tion intervention for sleep-onset insomnia to prevent or slow dementia.
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Chapter 1 (this chapter) summarizes the key background knowledge and knowledge gaps relevant
to the thesis. It includes the fundamentals of sleep EEG, the current approaches to quantify the

falling asleep dynamics, the neurophysiology behind the wake-sleep regulations, etc.

Chapter 2 summarizes the key methodologies used in the thesis. It describes the sleep EEG
datasets, the principles of the feature-based statistical learning approach (used in Chapter 3)
and the dynamical systems computational approach (used in Chapter 4), as well as the phase-

locked auditory stimulation paradigm (used in Chapter 6).

Chapter 3 deploys a feature-based statistical learning approach to existing sleep-EEG datasets
to identify the most informative EEG features that distinguish sleep onset from bedtime wake-
fulness. It then explores the dependency of those sleep onset features on demographic factors

and cognitive impairment.

Chapter 4 deploys a dynamical systems approach to show that the brain EEG transition from
wakefulness to sleep can be accurately modelled in the feature state space as a catastrophic

bifurcation dynamic.

Chapter 5 extends the results in Chapter 3 and Chapter 4 to examine differences in the falling
asleep EEG dynamics between brain regions and the interaction between them. It uses a

Granger-causality method to derive a mechanistic insight into the sleep initiation dynamics.

Chapter 6 tests the feasibility of augmenting the falling asleep process using phase-locked au-
ditory stimulation in a cohort of healthy young adults. The study was a sham-controlled day
nap and included pre-post nap cognitive tests. The falling asleep process is quantified using the

insights generated in Chapter 3.

1.6. Publications statement

The outcomes of the thesis are in preparation for publication. Specifically, one paper will report
the catastrophic bifurcation description of the falling asleep process (Chapter 4 and some of
Chapter 5). A second paper will report the most informative EEG features that distinguish
sleep onset from bedtime wakefulness (Chapter 3 and some of Chapter 5). A third paper will
report the feasibility testing of using phase-locked auditory stimulation to promote daytime sleep
(Chapter 6) together with an earlier study establishing feasibility in awake eyes-closed state (not
included in the thesis).
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2.1. Sleep EEG datasets

2.1.1. Dataset 1: Multi-Ethnic Study of Atherosclerosis (MESA) - Elderly cohort

The Multi-Ethnic Study of Atherosclerosis (MESA) dataset (Chen et al., 2015; Zhang et al.,
2018) was obtained with permission from National Sleep Research Resources (NSRR) (https:
//sleepdata.org/datasets/mesa). The study was originally aimed as a longitudinal study
of the sleep factors that could lead to cardiovascular diseases in middle-aged to elderly cohorts.
There are no disease records or notes for the participants of this dataset, and participant recruit-
ment was not limited to cardiovascular disease patients. Thus, the participants are generally

heterogeneous and can be considered ‘healthy’ elderly in general.

All data were collected as part of research protocols that were approved by the local institu-
tional review board at each institution; written, informed consent was obtained from each in-
dividual before participation. The participants were generally from community-based samples,
and the dataset originally contained 2055 subjects with whole-night PSG recordings. According
to NSRR, the PSG collection was done at home using the Compumedics Somte System (Com-
pumedics Ltd., Abbotsford, Australia). The PSG data are available in European Data Format
(EDF) files along with their annotation files. The sleep stages were scored in 30-s epochs using
the American Academy of Sleep Medicine (AASM) (Iber, 2007; Silber et al., 2007) criterion and
other annotations of sleep events (such as arousals and sleep apnea) are also provided. The
PSG data contains 3 bipolar linked EEG channels (Fz-Cz, Cz-Oz, C4-M1, see (Homan, 1988)
for 10-20 EEG system) (see Figure 2.1), with a sampling rate of 256 Hertz (Hz). This is also
one of the standard montages recommended in AASM criterion (Silber et al., 2007). The ECG
data was also extracted along with the EEG data, sampled at 256 Hz as well. The demographic
information (gender and age) was extracted for every participant with available PSG data. For
each EEG channel, a signal quality index was provided (ranging from 1 to 5, with 5 being
the best quality), which was also extracted. The signal quality index measures the percentage

of good-quality data in the overnight recording, and this index will be used later to exclude
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EEG Montage

INION

Figure 2.1: The EEG montage of the MESA dataset. The montage contains three linked EEG channels:
Fz-Cz, Cz-Oz and C4-M1, with relative locations marked in the plot.
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Figure 2.2: Age distribution grouped by gender in the MESA dataset. (a) for male and (b) for
female particpants.

channels with bad overall quality.

After reading both the PSG data (EEG and ECG) and sleep annotations file, the PSG data
was firstly ensured to align with the sleep scoring. Then the sleep scoring for each participant
is checked through to ensure that: a. The sleep scoring starts from stage 0 (wake), and b. the
first continuous 1-minute stage N2 sleep as the sleep onset (see later section) can be found.
Participants who did not meet these criteria were excluded from further analysis. This resulted
in a total of 1651 participants left. The sleep onset latency was then calculated as the time
from the scoring start to the marked sleep onset. The latencies for all participants ranged from
1-minute to over 6 hours, with mean + st.d. 81.72 + 54.96 minutes (see Appendix Figure B.1a).
This is a very wide range, and it does not make sense to study the participants who did not
have a sleep onset for 6 hours. In this thesis, after consulting with sleep experts, I excluded all
participants with sleep onset latency below 3 minutes or above 90 minutes. See the next section

for a detailed explanation and discussion of the sleep onset definition and latency exclusions.
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After this initial data cleaning, there are N = 1011 participants left for analysis.

The participant age distribution is shown in Figure 2.2, separated by gender (blue for male and
orange for female). The dataset included N = 477 males with a mean age of 69.81 £ 9.21 st.d.
years and N = 534 females with ages 69.28 & 8.96 years. The Kruskal-Wallis test between the
age distribution of males and females shows no significance (p-value = 0.45). It shows that the
MESA dataset includes a middle-aged to elderly cohort.

2.1.2. Dataset 2: the Montreal’s sleep EEG dataset with mild cognitive impairment

Mild Cognitive Impairment (MCI) is a neurological condition that involves a gradual decline in
cognitive abilities faster than normal ageing but is not as severe as dementia (Gauthier et al.,
2006). People with MCI may experience difficulties in one or more of these cognitive domains:
attention and speed processing, executive functions, visual and verbal episodic learning and
memory, visuospatial abilities, and language. However, these challenges do not significantly
interfere with their daily functioning or independence. MCI is generally considered a transient
state between normal ageing and more severe cognitive dysfunctions. MCI can generally be
categorised into amnestic (aMCI) or non-amnestic (naMCI) subtypes, depending on whether
the memory function is impaired (aMCI) or not (naMCI). As illustrated in Section 1.1, sleep
disturbances are closely associated with cognitive decline, and the relationship is bi-directional.
Therefore, it is also important to study the falling asleep dynamics of cognitively impaired
patients and see how they differ from healthy controls. This understanding will be important

for further developing the neuromodulation system for sleep disturbance intervention.

The Montreal’s sleep EEG dataset (later called the Montreal dataset) was obtained from collab-
orators Professor Nadia Goesslin and Professor Julie Carrier from the University of Montreal,
Canada. The dataset was previously used in another study published by their team (Gagnon
et al., 2018) for studying cognitive tests in obstructive sleep apnea (OSA) patients. Each partic-
ipant recruited first completed the sleep questionnaires and then had an overnight laboratory-
based PSG recording. The neuropsychological assessment and cognitive tests were administered
the next morning. The diagnosis criterion of MCI can be found in the paper and was based on
Petersen and Morris (2005): an objective cognitive impairment (score < 1.5 st.d.) in one or more
cognitive domains (see previous) that could not be explained by current medications but pre-
served the capability of life independence. The cognitive impairments were grouped into aMCI
or naMCI and single or multiple-domain impairment. In this thesis, I included the amnestic or
non-amnestic MCI labelling (aMCI or naMCI), regardless of the number of domains affected.
The sleep stages for this dataset were also scored using the AASM criterion with 30s-length

epochs.

The dataset included full PSG sleep data from 128 participants. The PSG data contains 17-
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Figure 2.3: Demographics detail for Montreal dataset. The age distribution histogram of the Montreal
dataset grouped by male (a) and female (b). c. The distribution of mild cognitive impairment (MCI) patients or
normal healthy participants. naMCI: non-amnestic MCI; aMCI: amnestic MCI. d. Age distribution for Normal
(blue) and MCI (red) participants; n.s. non significance using the Kruskal-Wallis distribution test. e. The
Epworth sleepiness score (ESS) distribution for Normal (blue) and MCI (red) participants; n.s. non significance
using a two-sample, two-sided t-test. f. The Pittsburgh Sleep Quality Index (PSQI) distribution for Normal
(blue) and MCI (red) participants; n.s. non significance using a two-sample, two-sided t-test.

channel EEG recordings (F3, F4, C3, C4, P3, P4, O1, 02, F7, F8, T3, T4, T5, T6, Fz, Cz, Pz of
the 10-20 system, all linked-ear referenced) sampled at 256 Hz, and ECG recording was sampled
at 512 Hz. There were 7 participants with a different EEG system (montage and sampling rate)
that were excluded. The demographics information (age, gender, neuropsychiatric diagnosis for
MCI) was extracted, along with the sleep questionnaire scores available: Epworth sleepiness score
(ESS) for measuring the level of subjective sleepiness (Johns, 1991) and Pittsburgh Sleep Quality
Index (PSQI) for measuring subjective sleep qualities and even for sleep function screenings
(Buysse et al., 1989; Mollayeva et al., 2016). The ESS questionnaire contains eight questions,
with each one having a scale from 0 (no chance of dozing) to 3 (highly likely to doze off). The
highest score is 24, implying a higher subjective sleepiness. The PSQI questionnaire measures
the subjective sleep quality in seven sleep domains (sleep latency, sleep duration, habitual sleep
efficiency, sleep disturbances, use of sleeping medication, and daytime dysfunction) over the past
month. Each domain has a scale from 0-3, with a total score of 21, and higher scores imply a
worse subjective sleep quality over the past month. Note again that the sleep questionnaires are

done prior to the PSG recording.

Similar to the MESA dataset, the sleep scoring was checked for each participant to ensure that

the participant started from stage 0 and had a valid sleep onset as defined. The EEG data is
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then aligned to the sleep scoring (with unscored EEG epochs in the beginning removed). Then,
participants with sleep onset latencies outside the range of 3-90 minutes were excluded. The
raw sleep onset latency distribution can be seen in Appendix Figure B.1b, with mean + st.d.

25.34 + 23.90 minutes. After cleaning, there are N = 116 participants left for later analysis.

The demographic information and comparison between normal and MCI participants are shown
in Figure 2.3. The age distribution for male and female are shown separately in Figure 2.3a,b,
with N = 89 males and ages 63.31 £+ 7.24 (mean =+ st.d.) years, and N = 27 females and ages
65.72 + 7.49 years. The MCI diagnosis result is shown in Figure 2.3c, indicating 65 Normal,
15 naMCI and 36 aMCI participants separately. Since the number for aMCI and naMCI is
different from Normal participants, I later considered them as MCI patients (N = 51 in total)

and compared them against the Normal participants.

The age distribution between Normal and MCI participants is shown in Figure 2.3d, where
normal participants have ages 64.69 + 7.57 (mean + st.d.) years, and MCI patients 62.69 =+
6.82 years. The Kruskal-Wallis distribution test between them shows no significance with a p-
value of 0.35. Similarly, the sleep questionnaire scores (ESS and PSQI) are compared in Figure
2.3e,f. The ESS scores for Normal and MCI participants are 8.45 £+ 5.40 (mean + st.d.) and 8.57
+ 4.49, respectively, with two-sample, two-sided t-test between them showing no significance
(p-value 0.90). The ESS maximum ESS score is 21, but the mean score is within the range of
normal daytime sleepiness (Doneh, 2015). The PSQI scores for Normal and MCI participants
are 4.83 + 3.13 and 5.49 + 3.27, respectively, with a two-sample, two-sided t-test showing no
significance (p-value 0.27). There is an age outlier in the MCI cohort (with an age of 37 years
old), who was therefore excluded from all analysis later. After all these exclusions, there are
in total N = 115 participants for all later analyses, with 65 Normal and 50 MCI participants.
Overall, the Montreal dataset has a similar age distribution as the MESA dataset but with
participants who suffer from cognitive impairments. In addition, it includes more EEG channels

supporting richer spatial analysis of brain dynamics.

OSA (along with other sleep breathing disorders) is an important risk factor for cognitive decline
and further dementia (Leng et al., 2017; Osorio et al., 2015). The important aspect could be
that OSA patients normally have excessive daytime sleepiness (Lal et al., 2021; Seneviratne
and Puvanendran, 2004), which could affect the sleep-onset latency (Fong et al., 2005). Given
the original purpose of this dataset was to detect cognitive impairment with or without OSA,
therefore both Normal and MCI cohorts have patients with OSA symptoms (Gagnon et al.,
2018). Moreover, the ESS score distributions between these two cohorts are also not significantly

different (Figure 2.3e), and thus were not further considered a confounding factor in the analysis.
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2.2. EEG pre-processing

2.2.1. Definition of sleep-onset

In this thesis, sleep onset was conservatively defined as the first 1-minute of stage N2 sleep (which
means 2 continuous sleep scoring of N2 with epoch size 30s). This is a conservative definition,
given that we want to ensure that the participant is definitely asleep at our definition point.
Stage N2 sleep has been proposed by many previous literatures as a safe boundary between
wakefulness and sleep (De Gennaro et al., 2001b,a), where the appearance of spindles and K-
complexes most safely imply definite sleep (Ogilvie, 2001). While undeniably the transition from
wakefulness to sleep stage N1 involves some level of EEG changes and specifically physiological
changes (Ogilvie and Wilkinson, 1984), stage N1 sleep is more likely to be a transient state during
the falling asleep transition, with heterogeneous features of both wakefulness and definite sleep
states (Rué-Queralt et al., 2021; Stevner et al., 2019). Stage N1 sleep has also been demonstrated

to have the lowest inter-rater consensus (Somaskandhan et al., 2022).

The falling asleep period was then defined as the start of the recording (called bedtime) and up
to the point of sleep onset. Similarly, the sleep onset latency was defined as the time between
the recording start (here designated as ‘bedtime’ ) and the sleep-onset time. The sleep-onset
latency was defined as the time from bedtime to the sleep-onset. Given that the sleep scoring was
done at 30s-length epochs, the time resolution for the sleep onset latency was 30s. Notice that
this definition of the sleep-onset period, as well as latency, is different to some of the previous
literature (see Section 1.3.1 for detailed literature discussions), as in some cases the ‘starting

point’ is defined as the onset of alpha trains in EEG.

2.2.2. Preprocessing and extracting sleep-onset EEG

The entire pre-processing pipeline can be viewed in Figure 2.4. Both datasets have first been
checked through to ensure that all participants remained have complete data needed (demo-

graphics, overnight PSG recordings, sleep annotations).

The data reading and pre-processing were then done in MATLAB (MathWorks Inc.). As men-
tioned before in the previous section, the sleep scorings for each participant were checked to
ensure a valid falling asleep period (from bedtime to sleep onset) exists. The participants with
a sleep onset latency outside the range of [3,90] minutes were excluded, as mentioned. Partic-
ipants with shorter sleep latencies have risks of narcolepsy or missing recordings before sleep
onset, while participants with longer sleep latencies have risks of lacking stage N2 or significant
fragmented sleep. Of course, it would be interesting to explore these participants on their own,

but it was outside the scope of this thesis. The sleep onset latency distribution for both datasets
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Figure 2.4: Overview of the pre-processing pipeline. a. The pre-processing pipeline is shown in a
hierarchical order. After extracting the data and necessary information, the sleep scoring is analysed to extract
the sleep onset as defined. The sleep-onset latency is then analysed, and participants within the latency range
[3,90] minutes are kept. Then, two-step artefact rejections are done: the spurious EEG artefacts rejection and
cardiac interference removal. The EEG signals during the sleep-onset period are then ready for analysis. b.
Exemplary EEG signal, with red parts indicating artefacts. c¢. Exemplary EEG signal (blue) aligned with ECG

signal (red), where the cardiac interference can be visualised. The ECG signal is re-scaled to show along with
EEG data, thus the amplitude is an arbitrary unit (a.u.).
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Figure 2.5: The sleep onset latency distribution for MESA (a) and Montreal (b) datasets. The
distribution is shown after excluding participants outside the 3-90-minute range.

after cleaning is shown in Figure 2.5. For MESA, the remaining participants have a latency of
48.83 £+ 25.01 minutes, and for Montreal participants, 21.88 4+ 17.35 minutes.

After all the cleaning and exclusion (see also the previous section), there were N = 1011 partic-
ipants left for the MESA dataset and N = 115 left for the Montreal dataset. After this point,
there will be no more systematic exclusion of participants; the only potential reason for further
exclusion will be due to EEG artefacts and analytic needs, which will be explained where ap-
plied. Before running feature-based analysis on EEG data, the EEG will be further cleaned and
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explained below.

EEG movement artefact rejections

The typical EEG amplitudes are normally within the range of a few tens (e.g., 10-20) microvolts
(uV). It can be corrupted by different sources of artefacts including eye blinks (especially in
frontal regions), muscle movements (body movements or even just chin muscles), electrical noise
(from the power sources of the recording devices), and even cardiac interferences (Urigiien and
Garcia-Zapirain, 2015). The electrical noise from the power sources (50 Hz in the UK or 60 Hz
in the US) is normally suppressed while recording the EEG via a notch filter. In the sleep EEG
data, the blinking artefacts are minimal since the participants closed their eyes during sleep.
Hence, in this step, I aim to simply remove EEG epochs with spurious movement artefacts
(for example, arbitrarily large EEG amplitudes) to ensure general data quality. The cardiac

inferences will be discussed in the next part.

There would normally be many spurious large artefacts, as expected in the overnight recordings.
Firstly, using the EEG signal quality index provided (in the MESA dataset only), all EEG
channels with signal quality smaller than 4 were excluded from the analysis. To further exclude
the spurious EEG artefacts, I computed the root mean square (RMS) values (which are useful
metrics for signal amplitude variability) for each EEG channel, across epochs (30s length, same

as sleep scoring) over the entire EEG recording, using the following formula:

1 N
= — 2
RMS = | N;:l: |02, (2.1)

where N is the total number of samples in each EEG epoch, and z,, is the amplitude of the EEG
samples. The median RMS values of all epochs were then calculated, and epochs with RMS
values above 2.5 units of the median of all epochs were marked as artifactual and excluded from
analysis. This process was repeated twice to ensure sufficient cleaning of the spurious peaks
in the EEG signal. An example outcome after cleaning can be found in Figure 2.4b (on the
right side of ‘Spurious artefact rejection’), where the red part implies the artefact detected and

rejected.

The RMS-based rejection was applied for all the EEG channels (the Montreal dataset has 17
channels, but not all were used later). Artifactual epochs were marked as ‘Not a number’
(NaN). To ensure consistency in the time domain between channels, if an epoch was identified

as an artefact in one of the channels, then the epoch was set to NaN in all the channels.

The RMS-based method for artefact rejection was used throughout this thesis in different sce-
narios (different epoch lengths, artefact thresholds, and different EEG periods). The exact
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parameters are specified where applied. There are other approaches for EEG artefact rejection

or cleaning methodologies (see reviews Urigiien and Garcia-Zapirain (2015); Jiang et al. (2019).

EEG cardiac interference removals

When visually observing the EEG signals in the MESA dataset, I found significant cardiac
interferences, which might confound our findings about brain dynamics (see Figure 2.4c on the
right side of ‘Cardiac interference removal’. To remove cardiac interferences, I applied the same
method as described in (Purcell et al., 2017). Using existing ECG data, the R-peaks are extracted
using the Pan-Tompkins method (Pan and Tompkins, 1985). For each EEG channel, for the
entire period, I extracted 2s EEG signal aligned to each R-peak detected, and then averaged over
all 2s EEG segments to get a characteristic EEG cardiac signature per channel per participant
(similar to the concept of cardiac event-related potential). Then, this EEG cardiac signature
was aligned back to each R peak and subtracted from EEG data per channel. More details and
evaluation of this method can be found in the paper (Purcell et al., 2017). An example EEG
cardiac signature trace is shown in Appendix B.2. The Montreal’ s dataset did not have any
obvious cardiac traces. Therefore, this method was only applied in the pre-processing of the
MESA dataset.

2.3. Comprehensive EEG time series feature base for quantitative

analysis of the falling asleep process

2.3.1. Feature-based EEG analysise

Time series is a type of repeated measurement of the same quantity over time used across many
different fields (finance, biology, etc.) (Fulcher and Jones, 2017). Different time series data from
different subjects will exhibit different properties, such as being stationary or nonstationary.
The dynamics of a time series can provide important insights into the underlying characteristics
of the measured quantity. Time series analysis itself is a very big topic, with different time series
categories, different analytic approaches (based on its category or properties) and different ana-
lytic aims (prediction or pattern searching) (Fulcher et al., 2013; Hamilton, 2020). For example,
financial or economic time series data (such as stock prices) are typically non-stationary and
have a great repertoire of mathematical models for causal inferences and predictions (Geweke,
1984; De Gooijer and Hyndman, 2006). EEG is a specific type of time series data which mea-
sures the underlying cortical neuronal activity over time. Many time series analysis approaches

can be applied to EEG signals (Gersch and Yonemoto, 1977) and gain mechanistic insights into
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neuronal mechanisms and disease diagnosis such as epilepsy (Lehnertz, 1999) and Parkinson’s
disease (Janjarasjitt et al., 2008).

Here I aim to develop a feature base to study the EEG time series during the falling asleep
transition. The most typical and widely used approach is the spectrum-based analysis. EEG
power spectrum changes at sleep onset have been extensively explored in previous literature
(Gorgoni et al., 2020; Ogilvie, 2001). It has been well established that the EEG spectrum shifts to
lower rhythms during falling asleep, with increases in delta and theta band power and decreases
in alpha and beta band power. The theta to alpha band power ratio, for example, has often been
extensively used as an index of drowsiness (Jap et al., 2009; Lal and Craig, 2001) and related
to cognitive functions (Zawislak-Fornagiel et al., 2023). Therefore, the basic features included
are these power band features and their ratios. Their oscillation peaks are also considered here,
which show the actual oscillation rhythm and change at sleep onset (Achermann et al., 2019;
Gorgoni et al., 2020). Another important EEG analytic approach is the cross-frequency coupling
(Canolty and Knight, 2010). It has been applied in feature-based sleep stages classification and
proved to provide extra value and information (Dimitriadis et al., 2021; Sanders et al., 2014),
but its specific dynamics and mechanistic insights on the falling asleep are barely studied, and
therefore added as part of the feature base. I also added a temporal coherence measurement,
which can capture the internal neuronal oscillator pattern, as in our earlier study in essential
tremor patients (Schreglmann et al., 2021). This is different from other coherence metrics
between different brain areas, which quantifies the synchronisations (Leocani and Comi, 1999),
as this is location-agnostic. Refer to Appendix A.1 for an overview of all the features evaluated

in different frequency bands (in total, 25 features).

All of the previous analytic approaches are Fourier-based. As introduced before, EEG is a
time series data, and there is a massive repertoire of analytic features outside the normal spec-
trum analysis for it, which could provide interesting unknown insights into neural dynamics.
Nonlinear dynamical metrics (Lyapunov exponent, scaling exponents, etc.), for instance, have
provided great mechanistic insights into sleep regulations (Acharya U. et al., 2005; Stam, 2005).
It would be impossible to enlist all available time-series analytic approaches, but comprehensive
time series analysis tools have been collected and aggregated in previous work called highly
comparative time series analysis (HCTSA) toolbox (Fulcher et al., 2013; Fulcher and Jones,
2017). Although powerful, this collection has over 7000 features, which are overly computation-
ally costly. Therefore, I resorted to a reduced version of it, which contains only the 22 most
representative ones with retained distinguishability, called canonical time series characteristics
(CATCH-22, see Lubba et al. (2019)). Refer to Appendix A.2 for all the CATCH-22 features.

In total, the feature base included 47 features. It was used to systematically identify the key
EEG signatures that distinguish sleep onset from wakefulness and the transition dynamics for

tracking the falling asleep process.
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2.3.2. Feature-base computation

There are many important aspects to consider in computing the EEG time series features. For
instance, the sampling rate and data length could significantly impact the outcomes (especially
the Fourier-based features). The CATCH-22 features are generally more robust to these param-
eters but keeping them consistent is important for comparisons. The dataset itself limits the
sampling rate, but the choice of EEG epoch lengths for evaluating features is crucial for the
outcomes and interpretation of results. The EEG epoch length cannot be too short because the
power spectrum estimation would be distorted in the low-frequency range, and the frequency
resolution would be limited. On the other hand, if the epoch is too long, the assumption of
stationarity may not be valid (Kaplan et al., 2005) and the computational cost could increase
dramatically. In this thesis, the EEG features were computed in 6s epochs (unless otherwise

specified), ensuring a ‘quasi-stationary’ assumption and sufficient power spectrum resolution.

The feature evaluation was done in MATLAB. The EEG signals of the sleep EEG period were
preprocessed as described in Section 2.2, and then divided into 6s epochs and features were

computed as described below.

Power band features

The EEG signal was first bandpass filtered between [0.1,32] Hz range. Since the 1/f spectral
noise (a power-law decay of EEG power with frequency) could confound band power calculations
(especially for low-frequency ranges), therefore, I applied a differentiation filter to remove the
1/f frequency component as in (Demanuele et al., 2007). The technical details and quantification
of the filter can be referred to in the paper, and it was shown to be great for distinguishing low-
frequency components. Many other sleep toolboxes use this method, such as Luna. In this thesis,
the differentiation filter was done using MATLAB function diff, and one exemplary power-
spectrum result is shown in Appendix B.3. There are more advanced methods for extracting
this 1/f component (such as Donoghue et al. (2020)), and this was not used here to avoid
over-complicating the pipeline and interpretations. The power spectral density (PSD) was then
estimated using Thomson’ s multitaper approach (MATLAB function pmtm), with 4 tapers and
the number of fast Fourier transform points the same as the sampling frequency (i.e., 256).
The PSD was then normalised to the total spectrum power so that the band power is a ratio
compared to the entire spectrum. The band powers of frequency bands were computed by
summing the normalised PSD of all the frequency bins within that band. The band powers were
then log-transformed. The band power ratios were computed by the quotient of two normalised
band powers and then log-transformed the ratio. The peak frequency in each frequency band
was defined as the frequency bin with maximum normalised power. Four frequency bands are
used in the analysis: delta band 1 to 4 Hz, theta band 4 to 8 Hz, alpha band 8 to 12 Hz and
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beta band 12 to 30 Hz.

Cross-frequency coupling features

Cross-frequency coupling is normally measured as phase-amplitude coupling (PAC), which mea-
sures the coupling strength between the phases of lower frequency bands and the amplitudes
of higher frequency bands. A differentiation filter was applied to the input EEG epoch before
further evaluation for removing the 1/f component (same as before). The PAC was then calcu-
lated by following methods in (Samiee and Baillet, 2017). Briefly, for the input EEG epoch, we
designed a zero-phase, even-order finite impulse response filter to filter the signal into the four
respective bands (same as before). I then applied the Hilbert transform to calculate the phase
and amplitude for each band. Phase cycles were then extracted (from —m to 7 is a cycle), and

for each cycle, the modulation phase and amplitude are put into a complex signal:
2(t) = Ap (t) x epr2(0), (2.2)

where Agy is the amplitude from higher frequency bands, and ¢y is the phase from lower
frequency bands. The PAC was then quantified by summing z(¢) over all phase cycles and then
normalising to the average amplitude Ay in each cycle. The result PAC value is between 0 and
1, where closer to 1 implies stronger coupling. The PAC is thus calculated for each frequency

band pair (low to high).

Temporal coherence features

The differentiation filter was still applied first to each EEG epoch data to ensure the same spec-
trum property. The temporal coherence vs frequency for each EEG epoch was quantified using
the magnitude squared coherence algorithm across 1s segments using MATLAB’ s mscohere
function. Briefly, the EEG epoch is divided into several 1s segments, where the magnitude
squared coherence between each pair of them is calculated, and then the coherence spectrums
are averaged. For each frequency band, the feature value is calculated as the sum of the values
of all the frequency bins within that band. The temporal coherence features are evaluated for

those four frequency bands specified before.

CATCH-22 features

Catch-22 (Lubba et al., 2019) is an openly available toolbox (https://github.com/Dynam
icsAndNeuralSystems/catch22) implemented in both MATLAB and Python. The features

include both linear and nonlinear metrics and many other time series analysis methods. The
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descriptions of all the features are given in the original paper. In this thesis, I only interpret
the key features relevant to sleep onset. In each EEG epoch, I first applied the differentiation
filter the same as before to ensure the same time series property. Then, the 22 features were

calculated using the provided functions.

2.3.3. Limitations and extensions

The feature base is a comprehensive approach to capture the brain dynamic changes during
the falling asleep process. There are many other sleep EEG features on slow wave oscillations
or spindles, but they normally appear after sleep onset and thus were not included here. The
EEG power band features were calculated up to the beta band (i.e., 30Hz), as typically sleep
EEG does not have high-frequency gamma-band activity associated with high-level cognitive
activity (Jensen et al., 2007). Gamma band activity might appear again during slow wave sleep

(Valderrama et al., 2012), but slow wave sleep only occurs after sleep onset as well.

The feature base is, of course, not perfect. The features are evaluated on single-channel EEG
signals, where the features would only represent regional dynamics. As previously described
in Section 1.3, falling asleep happens both temporally and spatially across the brain areas.
Therefore, later in Chapter 5, there will be further development of inter-regional interaction

feature base to capture more of the spatial dynamics.

The CATCH-22 features are sometimes difficult to interpret in the aspect of brain dynamics,
as many of those time series analytic approaches come from other disciplines. Besides, as
a child of HCTSA, CATCH-22 preserves the general performance, but some specific features
might be prevented from discovery. Many nonlinear features such as complexity, entropy or
fractal dimensions have immense values in quantifying state transitions and brain dynamic
structural changes (Stam, 2005); For example, in sleep, it has been demonstrated that the
sleeping brain shows lower dimensional chaotic structures and these nonlinear measurements
can be used in classifying different sleep stages (Acharya U. et al., 2005; Acharya et al., 2015).
Mediano et al. also showed that complexity metrics provide important insights into cognition
and consciousness (Mediano et al., 2023). These specific features, which are well-researched
in sleep and neuroscientific contexts, could have stronger interpretability, but it is impossible
to find matches in CATCH-22, although the latter claims to best capture and represent the

nonlinear features in HCTSA.

In the feature computation, the 1/f component (aka., the arrhythmic component)was removed
from the EEG signal using the differentiation filter. However, the 1/f component of EEG
captures important aperiodic dynamics in the brain and may contain important information
about underlying neuronal electrophysiology relating to information processing and cognition

(Voytek et al., 2015; Gyurkovics et al., 2022). This scale-free component (power-law decay) has
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also been demonstrated to be capable of distinguishing different sleep stages and anaesthetic
states (Lendner et al., 2020; Colombo et al., 2019). Of course, there will be more such relevant
features which are not fully reviewed here. In this thesis, only CATCH-22 is applied, but
extensions to the feature base with the above metrics are done in a Master’ s project I supervised,
where many metrics mentioned above were found to have a good predictive value of sleep-onset
(Ilina, 2023).

Another limitation lies in that the parameters of those feature computation metrics are fixed into
the pipeline, but surely, specific time series structures could have specific parameters that best
capture their dynamics (especially in nonlinear EEG features, such as entropy or information
Pritchard and Duke (1992); Micheloyannis et al. (1998)). This is not feasible here given that
one wants interpretability across huge amounts of data and samples. Still, most of the features
are robust enough to capture the statistical properties of that specific type of feature, and one
could dive into that category of feature to explore different parameters for better interpretations

and mechanistic insights if that feature is useful and informative.

2.4. Feature-based statistical learnings

Feature-based statistical learning is a powerful approach in machine learning that involves iden-
tifying and extracting relevant features from data to make accurate predictions or classifications.
The extraction of key features can also lead to a better mechanistic understanding of the system
studied (such as the brain in this case). One important aspect is the feature base used, which,
as discussed above, should be sufficiently good to describe the properties of the system (resolved
before). The other aspect is the statistical learning methods. As the name specified, statistical
learning uses the statistical properties of the features (distributions, etc.) and applies different
machine learning techniques to make inferences (about underlying systems or relationships) or

make predictions when observing new data (James et al., 2021a).

Given a set of features, the task of statistical learning is to learn the best fit for:
Y = f(X) +e, (2.3)

where Y is the target predictor, X is the feature (can be high dimensional), € is the error term.
The key aim of statistical learning is to estimate f, the so-called target function, to get the
optimal performance for estimating Y using different machine learning techniques. The predictor
Y can be categorical (for example, sleep or wake) or a continuous variable (the time to sleep-
onset). Based on the predictor type, the estimation of f can generally be called classification
(for categorical variables) or regression (for continuous variables). The estimation techniques

can be parametric (with important assumptions about the data, such as normality) or non-
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parametric. With a clear target variable Y, the learning is classified as supervised, where
unsupervised learning can also be applied to learn a general pattern of the input data without
a target predictor (for instance, clustering). The most important aspect of estimating f is to
minimise the error e (in mathematical terms, the optimisation problem). Optimisation is a big
topic, and many different methodologies exist based on the estimation methods and predictor

types but they are not discussed here.

Statistical learning is a very broad topic as well and reviewing all available methodologies is
outside the scope of this thesis. One of the key tasks in this thesis was to classify wakefulness
and sleep-onset states to identify the key distinguishing features. In this case, I typically used
a linear support vector machine (SVM) (Cortes and Vapnik, 1995). I also used regression, for
example, to predict sleep-onset latency. Essentially, as mentioned in the beginning, all these
techniques are applied to make predictions, and then extract important features and interpret

them for a mechanistic understanding of the falling asleep brain dynamics.

One important problem which arises only very recently is the dimensionality reduction of the
features X. With increasing numbers of analytic methods, the number of features also increases
dramatically. In fact, the process from HCTSA to CATCH-22 is already a typical process of
dimensionality reduction, which minimises the redundancy (removing statistically similar fea-
tures) but preserves the performance. For the feature base developed before (47 in total), I also
applied a key feature selection procedure using hierarchical clustering based on feature similari-
ties (Liu et al., 2011). The same methodology has been applied in tremor time series features to
identify predictive features of stimulation response for mechanistic insights (Schreglmann et al.,
2021). The exact algorithmic and implementation details of these methods will be introduced
in Chapter 3.

2.5. Dynamical systems theory and the brain

2.5.1. The basic dynamical system theory

Dynamical systems theory is a branch of mathematics that studies the behaviour of systems that
change over time, which provides an important framework for understanding the interaction of
complex systems. A dynamical system is a system where its system state changes with time
following a specific rule that can be described as a function (Ott, 2002). A very basic simple

example is:
dx
— = 2.4
= f) (2.4)
where x is the system state, and f is the function that governs the rule of how the system

state evolves over time. The example equation in (2.4) is a first-order (highest derivative order),
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ordinary (derivative only to one variable), dynamical system. The variable x can be high dimen-
sional, which means for each state variable, there will be a differential equation governing its
dynamics. Based on the property of function f, the system can be linear (such as f(z) = x) or
nonlinear (containing higher orders, for example, 22). Aside from the linearity or nonlinearity of
the system, another important property of a dynamical system is the perseverance of the energy
(Stam, 2005). Dissipative systems will lose or exchange energy during the dynamic process,
while conservative systems do not. Almost all real-world systems will be dissipative, as there
are numerous energy exchanges in almost all processes. Finally, the system can be deterministic
or stochastic (if f is a noise term unrelated to x). There are many more complicated systems

with partial differential equations and higher-order derivatives, which are not discussed here.

As the equation shows, the system dynamics over time are governed by the function f. However,
the differential equation is very often non-solvable via integration. Therefore, the system’s
dynamics are normally quantified via the state space phase plane. In a multi-dimensional system,
the system state can be represented as a point in the multi-dimensional space at each time point,
and the evolvement of the state space over time is the trajectory of the system dynamics that
can imply important system properties. An important aspect is that when one observes the
system for long enough, for most dissipative systems, there will be a ‘regular pattern’ in the
trajectory dynamics called an attractor to which the system converges. For example, if a normal
pendulum is released from a point in a 2-D plane, after a sufficiently long time, the pendulum
will stop upright in the middle (a stable point attractor). In a complex nonlinear system,
more complicated attractors will appear, such as limited cycles or, more interestingly, chaotic
behaviour (see examples in (Feldman, 2019)). The attractor is the fundamental property of a
dynamical system, and there is rigorous mathematics to quantify the different properties of an
attractor (Lyapunov exponent, fractal dimensions, etc.), and the dynamical systems are classed

mostly based on the attractor properties.

The attractor can be called a stable state, which means once the system dynamics get into this
attractor, it will not get out again unless it is disturbed by external forces. A system can have
multiple attractors at the same time, and an attractor can appear or disappear when different
system parameters are taken. These parameters are often called control parameters, and when
changing a control parameter causes significant changes in the system’s attractors (such as the
disappearance of one attractor), a bifurcation (also called phase transition) happens. Bifurcation
can be observed in many real-world systems. The Hodgkin-Huxley neuronal models will undergo
Hopf bifurcation (into a limited cycle) when the input stimuli (as a control parameter) becomes
large enough (Wang et al., 2007a), and in ecological systems, when the harvesting rate (the
control parameter) becomes too high, the species will go extinct (catastrophic bifurcation) (May,
1977).

The system dynamics can be fairly easily analysed with an explicit differential equation such
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as (2.4). However, for most complex real-world systems (such as the brain), deriving such
equations is impossible. Still, one can observe the temporal dynamics of a system (a time
series), such as EEG measurements. Then, from a top-down approach, one can infer the system
or attractor properties from the time series data. There is a plethora of analytic approaches
for this called nonlinear time-series analysis, such as time-delayed embedding to re-construct
the attractor shapes or Lyapunov exponents to estimate the chaotic properties (Parlitz, 1998).
These approaches can be applied to EEG data to infer nonlinear properties of the underlying
brain networks (Stam, 2005; Pritchard and Duke, 1992, 1995), for example, those nonlinear

features mentioned previously 2.3.

2.5.2. The brain as a dynamical system

What type of dynamical system is the brain? Given that the brain is a biological system, and
given its complexity level, it should be a nonlinear dissipative system. Indeed, the brain can
be considered a complex, nonlinear, high-dimensional dynamical system (Hancock et al., 2022;
Stam, 2005). It contains rich temporal dynamics and intricately designed connections inside
to achieve different functionalities. From the level of individual neuron spikes to a nucleus
(collections of a bunch of neurons), and to the system-level oscillations, each level of resolution
has its own dynamics (called a functional source) and can be considered a dynamical system. The
functional sources are interconnected with each other (functional connectivity). This connection
can happen at different levels, for instance, the inhibitory and excitatory connections between
different neurons or nuclei. The system dynamics observed from EEG, for example, are thus the
complex dynamics from a functionally coupled network of underlying dynamical systems in the
regional cortex, where the cortical dynamics are further driven by other inter-connected cortical
areas and deeper brain structures. The proposed nonlinear dynamical system framework of the
brain by Stam (Stam, 2005) well demonstrated that the brain is a network of well-structured,
weakly interconnected dynamical systems that form a self-organised criticality. This critical
interconnected system can be adjusted by changing the connectivity (such as inhibitory or
excitatory changes) to achieve quick adjustments to the brain to get into different brain states

(e.g., cognitive tasks, sleep) and, finally, to affect the behavioural outputs.

Indeed, the nonlinear patterns from the EEG time series dynamics can imply different brain
states and even identify diseases (Stam, 2005). One well-studied example is the epilepsy. When a
seizure happens, the EEG is high-amplitude and highly synchronised, which implies a disruption
of the underlying neuronal network (and thus the behavioural states) (Lehnertz, 2008). The EEG
pattern will display a low-dimensional structure, implying a reduced ‘dynamical complexity’
and disrupted capability of the brain to do normal functions (Stam, 2005). The sleeping brain
also displays a reduced dimension and complexity, where the brain rhythms slow down. In

Alzheimer’s disease, the weak nonlinear connectivity structure was disrupted, leading to more
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noise-like brain dynamics, with reduced complexity structures (Jeong, 2004). These nonlinear
metrics have also been proven to have values in disease diagnosis (Pritchard et al., 1991; Stam
et al., 1996), and correlate to cognitive functions and behavioural changes that progress with
diseases (Stam, 2014).

The important property of the brain organised as a critical dynamical system is the quick phase
transitions (bifurcations) it can make. For instance, the transition of seizure onset can be con-
sidered as a bifurcation (Lopes da Silva et al., 2003). Wake-sleep transitions are clearly another
type of critical transition that can happen quickly inside the brain. The critical transition or
bifurcation, as mentioned before, is the disappearance of one state attractor and the appearance
of another in the system dynamics. By conceptualizing these brain state transitions as critical
transitions, there are many fundamental properties of the system dynamics that can be used to
predict the tipping point of the transition, such as critical slowing down (Scheffer et al., 2009,
2012). Predicting such transitions in the brain could help pre-warning (such as seizures) or
develop closed-loop systems (for seizure prevention or sleep tracking). The critical slowing down
has been proven to be of tremendous value in seizure forecast (Maturana et al., 2020). This

thesis examines whether the falling asleep process is a critical transition, in Chapter 4.

2.6. Closed-loop auditory stimulation paradigms

Auditory stimulation is an easy-to-apply, non-invasive stimulation technique which is widely
applied in sleep neuromodulation (Capezuti et al., 2022). Acoustic stimulation synchronised to
the up-phase of slow-wave activities during deep non-rapid-eye-movement (NREM) sleep has
achieved extensive success in boosting slow-wave sleep and enhancing cognitive performances
(especially memory) after (Bellesi et al., 2014; Ngo et al., 2013) (see review in Section 1.1). The
targetted phase is important, as it has been demonstrated that down-phase stimulation could,
in turn, disrupt slow-wave sleep, and even interfere with the memory consolidation process (Ngo
et al., 2013; Fattinger et al., 2017). The EEG oscillations (phases and amplitudes) come from the
underlying neuronal firing patterns and excitatory or inhibitory relationships (Klimesch et al.,
2007; Hebron et al., 2023), therefore, targeting different phases of the activities could result in
different effects on the cortical oscillations (entrainment or disruption) (Sousouri et al., 2022).
The optimal timing to deliver the stimulation to achieve different aims could be different, and
could also change with age (Navarrete et al., 2020), emphasizing the need to personalise the
target phase. Therefore, to achieve this personalised closed-loop auditory stimulation, there
needs to be a closed-loop system to track the phases of EEG oscillations and deliver audio

outputs in real time.

The phase-locked stimulation paradigm is shown in Figure 2.6. To compute the instantaneous

phase of the neural oscillation in real-time accurately, one has to overcome Gibb’ s phenomenon,
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Figure 2.6: The phase-locking auditory stimulation paradigm. a. Concept of end-point corrected
Hilbert transform (ecHT) algorithm, which corrects the Gibbs phenomenon and estimates real-time phases cor-
rectly. The solid blue dot is the wrong endpoint due to the Gibbs phenomenon, where the non-filled blue point
shows the end-point corrected (actual) phase position. Figure adapted from Schreglmann et al. (2021) under
Creative Commons Attribution 4.0 International License. b. Concept of phase-locking auditory stimulation.
EEG is recorded with its phases extracted in real-time using ecHT algorithm. The auditory stimulation is then
delivered in synchronisation to the desired phase (peak or trough shown in the plot).

which distorts the ends of the Hilbert transform. The distortion originates in the discrete Fourier
transform (part of the Hilbert transform algorithm) of a finite signal that its ends are not
continuous and differentiable (Hewitt and Hewitt, 1979). To mitigate this problem, our group
developed the end-point corrected Hilbert transform (ecHT) algorithm (Schreglmann et al.,
2021) (Figure 2.6a), where a causal band-pass filter is applied to remove the extra distortion
and ensure correct phase estimation at the end-point. The phase-locking accuracy was proven

in the original paper. In the actual hardware set-up, a 2nd order Butterworth filter is applied.

The closed-loop acoustic stimulation was set up as in Figure 2.6b. The ecHT algorithm estimates
the instantaneous phase at the target stimulation frequency in real time. Then, via the hardware
control, the acoustic output is delivered at the target phase (for example peak or trough in
the figure). The audio output (sound types, volumes) can also be controlled in the device to
deliver desired outputs. Of course, there would be hardware limitations in the target phase
and estimation, for example, the firmware iteration time will limit the phase resolution. In
Chapter 6, this paradigm will be applied to deliver phase-locked auditory stimulation targeting
low-frequency oscillation, in an attempt to augment the sleep onset, where exact implementation

details will be further introduced.


http://creativecommons.org/licenses/by/4.0/

3. The distinctive brain EEG activities at sleep
onset

3.1. Introduction

The brain EEG dynamics during falling asleep have been studied before showing global slowing
down of brain rhythms associated with an increase of power in slow frequency ranges and a
decrease of power in higher frequency bands (see review in Section 1.3). The EEG of sleep
onset has also been associated with changes in nonlinear features. For example, Acharya et
al. showed that sleep onset is linked to changes in the Lyapunov exponent and correlation
dimensions (Acharya et al., 2015). However, the generalisation of these early results has been
limited by using specific features (or a feature type) and using small datasets. Thus, the most

informative EEG features that differentiate sleep onset from wakefulness remain unknown.

The richness of the datasets also allows us to ask further questions that had been rarely explored
previously. Demographic factors such as age and gender could significantly impact sleep, but
they are barely studied for the falling asleep process. The ageing population normally has
more difficulty initialising sleep (Li et al., 2022), but the exact EEG dynamics changes have
not been studied. Most studies focused on the deep sleep process, specifically the reduction of
slow wave activity and disrupted homeostatic regulations (Campos-Beltran and Marshall, 2021;
Landolt et al., 1996; Carrier et al., 2001; Landolt and Borbély, 2001), which are then related to
disrupted cognitive functions (Mander et al., 2013, 2014), but the changes in sleep onset process
are unclear. The study by Gorgoni (Gorgoni et al., 2021) provided the very first analysis of the
sleep onset dynamics of older adults, which showed that older people have reduced delta band
activity and a higher arousal level throughout (delta-to-beta ratio), which relates to a longer
sleep onset latency and more sleep fragmentations. Still, the analysis was restricted by the
methodology (EEG power spectrum only), the sample sizes, and poorly controlled conditions
between young and old adults (see the paper). The question is equivalent to gender, which has
not even been well-studied. Aside from these two, the Montreal dataset provides the potential
to study how cognitive impairment impacts the EEG features at bedtime and sleep onset. As

MCI patients suffer more from the difficulty of sleep initiation, the analysis can surely provide
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better insights into it. The strongest point is that by using feature-based statistical learning,
one can get a more overall understanding of the key EEG dynamic differences in these questions,

while most previous studies only took EEG power spectrum analysis.

An exploratory question is regarding the sleep onset latency. The sleep onset latency can be
affected by many different factors, for instance, the drowsiness state of the participant or specific
diseases (obstructive sleep apnea, insomnia, narcolepsy, etc.). It would be very interesting
to explore if there would be any EEG signatures that change with the actual latency from
bedtime to sleep onset and even predict the latency based on EEG features at bedtime. Diaz
et al. have demonstrated that resting state EEG contains biomarkers specifically in the theta
oscillations that correlate with the sleep onset latency, although they defined the sleep onset
as two consecutive stage N1 sleep (Diaz et al., 2016). Here again, the feature-based statistical
learning will provide a more comprehensive insight into whether the latency can be predicted

and what EEG dynamics are relevant to it.

In this chapter, I aim to address the knowledge gap of the most informative features by classifying
the brain EEG at sleep onset using a comprehensive feature base, including all the common
sleep EEG band features and more modern nonlinear features, and then clustering correlated
features to discover an orthogonal set of features. I use a large open-source sleep EEG dataset
(including more than a thousand subjects) and then validate the findings in an independent
dataset received from a collaborating sleep lab in Montreal (the largest sleep clinic in Canada).
I also examine whether the brain activities at sleep onset (and bedtime) are affected by the age
or gender of the participants and whether there are differences associated with MCI. Finally, I
explore the relationship between brain EEG activities at bedtime and sleep onset latency. By
discovering the key EEG features differentiating the sleep onset state from wakefulness, I aspire
to provide functional biomarkers for the future development of closed-loop neuromodulation
(the overarching goal of the thesis). Given the specific interest in preventing and slowing sleep-

dependent dementia drivers, I focus the investigation on elderly people and people with MCI.

3.2. Methods

3.2.1. Datasets

The investigation was performed using two datasets, i.e., the MESA dataset (N = 1011 subjects)
and the Montreal dataset (N = 115) described in Section 2.1. The participants’ EEG signals
were extracted and pre-processed as described in Section 2.2. In the case of the MESA dataset,
the three EEG channels, i.e., Fz-Cz, Cz-Oz and C4-M1, were extracted and in the case of the

Montreal dataset, the three channels Fz, Cz and Pz (linked-ear referenced) were extracted.
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In the MESA dataset, EEG channels with a quality index smaller than 4 were excluded (an EEG
channel quality index was provided in the dataset). Thus, subsets of participants had only two
channels or one channel. Yet, since the analysis examines global changes, i.e., the feature values
across the EEG channels were considered equally, and not expected to confound the results.
In total, the Fz-Cz, Cz-Oz, and C4-M1 channels included recordings from 900, 870, and 870
subjects, respectively. In the Montreal dataset, no quality index was provided, and hence, all

three channels were initially extracted.

3.2.2. Feature extractions for bedtime and falling asleep period

The EEG was divided into 6s epochs. Epochs with artefacts were detected using the RMS crite-
rion (30s epoch, 2.5 units of median threshold) and cardiac interference approach as described

in Section 2.2. Epochs with artefacts were rejected by replacing the EEG values with NaNs.

Then, one minute (min) EEG segment at sleep onset (i.e., the first minute of continuous stage N2
sleep) and one minute EEG segment at bedtime (i.e., the first recording minute) were extracted.
If the first epoch in the segment was a rejected epoch due to an artefact, then the extracted
segment started at the next non-artefact. Next, four representative 60-second (s) artefact-free
epochs were extracted from each 1 min EEG segment. The epochs were randomly sampled, and
to further ensure data quality, all extracted epochs had RMS values below 3 units of the median
RMS value of the entire 1-minute segment. Next, the values of the 47 features (see Section 2.3)
were computed in each of the four representative 6 s epochs at bedtime and sleep onset and
were labelled as ‘bedtime’ and ‘sleep-onset’ accordingly. Finally, the values of each feature
were normalized to [0,1] using a Sigmoid function. The normalisation was done to each feature,

across all EEG epochs of both bedtime and sleep onset from all participants.

3.2.3. Classification using linear SVM and leave-one-out cross-validation
Basic SVM theory

Support vector machine (SVM) is a widely used statistical learning method for supervised clas-
sification tasks (Cortes and Vapnik, 1995). As a statistical learning method (see Section 2.4),
the aim of SVM is to learn an optimal hyperplane in the high-dimensional feature space that
best separates different classes (labels). Taking a two-class classification problem as an example,
for each sample, there would be a corresponding point in the feature space x (a vector of all the
feature values of this sample) and a corresponding label y = £1 indicating the class. SVM will
then train a hyperplane f(x) = wx — b which satisfies wx — b = 0 trying to separate these two
groups. To maximise the separability, the margin from the point to the hyperplane has to be

maximised, where the margin can be calculated as ﬁ This is then equivalent to minimising
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the ||w/||, which is a convex optimisation problem that can be solved using many mathematical

algorithms and will not be discussed here.

An exemplary 2-D feature space example is shown in Figure 3.1, where the hyperplane here is
a line. For any sample point with feature vector x, when f(x) > 1, the classifier will classify it
to be class y = 1, and vice versa. The points that help construct the optimal hyperplane will
be called the support vectors, and that is where the name comes from. One obvious limitation
of SVM is that it only works well when the data are linearly separable. This assumption is
often not true, where kernel tricks can be applied to transform the current feature space into
a different shape, which might become more linearly separable (Boser et al., 1992). Commonly
used kernels include polynomial kernels or Gaussian radial basis function kernels. SVM can
also be applied to multi-class problems, but essentially, it will be subdivided into several binary
classification questions (Duan and Keerthi, 2005). This thesis only uses binary SVM and hence

multi-class SVM is not further discussed.

Implementations

In this thesis, SVM was used in two-class classification problems with linear kernels. The aim
was not to achieve 100% classification accuracy but instead to learn the fundamental statistical
properties of the features that separate the two classes (i.e., bedtime wakefulness and sleep

onset).

SVM was implemented in MATLAB using the function fitcsvm. To prevent overfitting, a
leave-one-out cross-validation approach was taken (James et al., 2021b). The leave-one-out
approach can also prevent the model from learning participant-specific information and thus
lead to overfitting. Briefly, for a k-fold cross-validation, the participants were equally subdivided
into k groups. Then, the leave-one-out approach took (k — 1) groups to train the SVM classifier
and used the remaining group for testing validation. This was done k times, with each group

validated once. The final accuracy was the average accuracy of all the k folds.

Throughout the thesis, I used k£ = 10 unless otherwise specified. The classification performance

was evaluated using the balanced accuracy:

precision + recall
2 )

acc =

(3.1)

where precision = TP/(TP + FP) and recall = TP/(T'P + FN), with TP as true positive,
FP as false positive, and FN as false negative in the typical machine learning denotations. In
most cases, the SVM classification used only 1 feature to evaluate its performance. In some
cases, the features would be aggregated together to train the model, and the performance was

evaluated using both the balanced accuracy above and the F-score, which is the harmonic mean
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Feature space

Support vectors

Figure 3.1: Illustration of SVM classification in a 2D space. Each point represents a sample in the
feature space (x, with blue or red indicating the class it belongs to. SVM aims to learn an optimal hyperplane
wx — b = 0 (the solid yellow line in this 2D example), to separate these two groups best by maximising the

margin from the support vectors (marked in the figure) to the hyperplane ﬁ

of precision and recall:
2 X precision X recall

F-score = (3.2)

precision + recall

Both the accuracy and F-score have a maximum value of 1. The higher the values, the better

the model performance.

3.2.4. Hierarchical clustering and feature selection

Dimensionality reduction in feature space is crucial for discovering the key governing features.
One way to achieve this is hierarchical clustering (Park, 2013). Hierarchical clustering is a
specific clustering method that will return the clusters in a multi-level hierarchy, where features
from lower-level clusters will join higher-level clusters. This allows a strong degree of freedom
to choose the clustering level that one would like to use. As in other clustering methods, the
distance metric is a crucial element that affects the interpretation of the clustering results. To
select key informative features and reduce feature space redundancy, the distance metric should
be based on the similarity measurements of different features. Correlation measurements are
simple and good to use in this case, of course, there are other more advanced methods, such as

mutual information (Liu et al., 2011).

In this chapter, hierarchical clustering was done based on the Pearson correlation distance
between the features:
dij =1 = pij, (3.3)

where d;; is the Pearson correlation distance, and p;; is the Pearson correlation coefficient

between feature i and j. Essentially, it means that the more correlated two features are, the closer
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they will be in clustering. Hierarchical clustering was done in MATLAB using function 1inkage,
with the cluster distance metric as the average distance between all pairs of features in any two
clusters. The clustering threshold was chosen to be 0.5 (unless otherwise specified), which means
that the features in each cluster have a similarity (correlation coefficient) of p;; > 0.5. To select
the representative feature of each cluster, each cluster’ s centroid (average of all features in
the cluster) was computed, and the feature that was closest to this centroid was taken as the
representative one for this cluster. This procedure was done only on the top 40 features (out of
47) with the highest SVM classification accuracy.

3.2.5. Statistical analysis

To test differences in the mean values of the normalized features between the two cohorts, a
double-sided two-sample t-test was used. Although the t-test only works under the assumption of
a normal (i.e., Gaussian) distribution, for large enough sample numbers (and normalised values),
this is acceptable (King and Eckersley, 2019). To test the relationship between the features and
continuous variables such as age, linear Pearson correlation was used, outputting a correlation
coefficient (ranges from [-1,1]) and a p-value indicating significance. To test differences in the
mean values of non-normalised variables such as age and sleep onset latency between two cohorts
the non-parametric Kruskal-Wallis test was used. The p-value threshold was normally 0.05 for all

these statistical tests unless otherwise specified or Bonferroni corrected for multiple comparisons
(Sedgwick, 2012).

3.2.6. Regression models
Basic regression analysis theory

The SVM described above solves a binary classification but cannot estimate continuous variables
such as age or sleep onset latency. In this case, regression models can be used. Regression models
belong to the statistical learning method (see Section 2.4), with the only difference to SVM that
now Y is a continuous variable. The aim of regression is thus to learn an optimal function f(X)
that can best predict the variable. In this chapter, only linear regression models were used for
exploratory and easy interpretation purposes, although f can also be a nonlinear function to
uncover nonlinear interactions between features and predictors. Notice that some ‘regression’
models can solve classification questions, such as logistic regression. The logistic regression

model would be further introduced and applied in Chapter 6.

The problem that a linear regression model is trying to solve is similar to Equation (2.3), where
f will be a linear function:
Y =8X +e (3.4)
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Here Y is the response variable, X is a matrix of the predictors or features, and [ is the
coeflicients to be learnt. Linear regression models take a linear combination of the predictors
and try to predict the response variable. To train the model and get optimal coefficients, the
aim is to minimise the error term e (also called residuals), and again, this comes to optimisation
algorithms (not described here). Still, how this optimisation is done affects the model types.
Normal linear regression models assume that € or the response variable Y follows a conditional
Gaussian distribution, whereas generalised linear models (GLM) disregard this assumption and
allow more types of residual distribution to be fitted. After training the GLM, the p-value infers
whether the model is significant (i.e., whether the features can have significant linear prediction
relationships to response variables). The model can have a p-value for each predictor so that one
can identify which ones are significant, thus doing feature selection and dimensionality reduction
as well. GLM can also describe nonlinear relationships between predictors and responses, which

will not be used here.

GLM is a great tool for statistical inferences but not actual prediction tasks. One potential issue
of regression models is that the features could be highly correlated to each other (especially for
large feature space dimensions). This correlation will cause the covariance matrix of X to be rank
deficient (with non-positive eigenvalues), where the loss function for optimisation is ill-posed to
solve (Hastie, 2020). Regularisation is normally needed in model training to solve this issue. One
most commonly used is the Ridge regularisation (Hoerl and Kennard, 1981). Another problem,
similar to all other machine learning problems, is the overfitting of the regression model. Thus,

cross-validation is needed to be applied.

The GLM can be further extended to a generalised mixed-effect model (GLME). GLME aims
to solve similar questions to GLM but with additional considerations such as grouping of the
samples. There are two components in a GLME model, the fixed effects (the predictors that
one wants to test), and the random effects (potential inter-dependence of the samples). For
instance, if there are 200 samples that come from 20 different participants, with each participant
contributing 10 samples. The 10 samples from the same participant are not independent samples.
The GLME adds this to the model with a grouping capability of the samples as a random effect.
GLME is further introduced and applied in later chapters.

Implementations

In this chapter, the GLM was used for statistical inference of linear relationships between the
features and response variables such as age or sleep onset latency assuming a normal distri-
bution of the response variables. GLM was fitted using MATLAB function fitglm. For the
prediction of sleep onset, a more rigorous model was applied with Ridge regularisation and
cross-validation, using MATLAB function fitrlinear. The Ridge regularisation automatically

reduces the feature dimensionality to prevent overfitting.
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Figure 3.2: Hierarchical clustering of the features that distinguish bedtime and sleep-onset.
a. The top 40 features that best classify wakefulness (bedtime) and sleep-onset are chosen and hierarchically
clustered based on the absolute correlation coefficient with a clustering threshold of 0.5. The features are re-
arranged according to the clustering, with the dendrogram shown on the left; Green box, outlines of a feature
cluster; Blue square, central feature of a cluster; Red square, central feature with mean classification accuracy in
that cluster above 65% and chosen as a key governing feature. The grey colour indicates the Pearson correlation
coefficients between each pair of features, with the colour bar shown at the bottom. b. The distribution of the
four key features identified from (a): the low-to-high band power ratio (i), the peak beta-band frequency (ii), the
alpha-to-beta band ratio (iii), and the total EEG spectrum power (iv). Red indicates bedtime and blue indicates
sleep-onset.

3.3. Results

3.3.1. EEG features governing sleep onset compared to bedtime

I first set out to identify the EEG features that best distinguish the brain activity at sleep onset
state from the brain activity at bedtime using the MESA dataset and the feature-based statistical
learning approach. I computed the feature values of the epochs in the 1-minute bedtime and
1-minute sleep onset segments. Then, I used SVM for each feature to classify bedtime and sleep
onset, with a 10-fold leave-one-out cross-validation. Finally, I used a hierarchical cluster of 40

features with the highest accuracy to identify the most informative features.

The results are shown in Figure 3.2a. It shows 20 feature clusters with four clusters having a
mean classification accuracy higher than 65%. See Appendix B.4 for the mean accuracy of all
40 features and the mean accuracy of each cluster. Figure 3.2a shows the values of the features
at the centre of those four clusters during bedtime (red) and sleep onset (blue) together with
their classification accuracies (See Appendix B.4 for a detailed explanation and origins of these

features). The features were: the low-to-high frequency band power ratio (i.e., the ratio of



76 Chapter 3. The distinctive brain EEG activities at sleep onset

a b
107 r1.0 17 »
% 0 e e e e e e e e e e e e e e e o9 0.91 ;0.9
08 EFT”HIHHHH}HM“;A* FEEHH )
g [0 508 : 08
S 074 o7 § ] -
3 : 50 .
g Q
£ 06 Los S o6 os =
c (-,'T < T
% 051 058 § 057 05 8
= B 3
% 0.4 4 Lo4® §0.4_ Loa
§ 031 o3 3031 Los
021 Loz © 021 Loo
— A
0.1 4 —Accuracy | (.1 0.1 _Fi;sc:(::cy Lo 1
——F-score
0 0 0 T T 0
10 20 30 40 50 1 2 3 4
No. Features No. of features

Figure 3.3: Classification accuracy and F-scores using all features and key features only. a.
Classification accuracy (blue) and F-score (red) between bedtime and sleep-onset as a function of features used
(in total 47 features). Shown are the mean =+ st.d. for 10-fold leave-one-out cross-validations of the SVM model.
b. Same as shown in (a) but now only with the 4 key features identified in Figure 3.2.

spectral power in the delta and theta bands to the alpha and beta bands, 69.9% accuracy), the
peak beta band frequency (the frequency bin with the largest PSD within the beta frequency
band, 66.2% accuracy), the alpha-to-beta band power ratio (69.4% accuracy), and the total EEG
spectrum power (i.e., the power between 0 and 25 Hz relative to the power across the spectrum,
72.5% accuracy). The result suggests that sleep onset was best described by an increase in the
low-to-high frequency band power ratio, a reduction in the beta band frequency, and an increase
in the alpha-to-beta band power ratio and the total EEG power. Other features commonly
reported in the context of sleep onset such as the theta-to-alpha band power ratio and theta
power, were captured within the clusters of alpha-to-beta band power ratio and the low-to-high
power band ratio. In addition, many of the canonical time-series features with both linear and
nonlinear metrics were captured in the total EEG spectrum power (a Catch-22 feature) cluster.
Interestingly, the changes in the peak beta band frequency feature were orthogonal to other

feature changes (i.e., an independent cluster). I call these key features the ‘governing features

later in the text.

Using all the features (i.e., 47 features) arranged from highest to lowest classification accuracy,
the SVM model achieved a high accuracy of 85% (F-score 0.84) (Figure 3.3a). Note that in
the figure, the features were first ranked based on their classification performance and then
inputted into the model sequentially. When only the governing features (i.e., 4 features) were
used, the SVM model also achieved a high accuracy of 80% (F-score 0.8) (Figure 3.3b). This
result suggests that there was a lot of redundancy among the features and that by focusing on
the four governing features one could already achieve accurate distinguishing of the sleep onset
state. The results also demonstrate the utility of the hierarchical clustering method for feature

selection.
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Figure 3.4: Linear correlations between the four key features and ages. a. Correlation between age
and the normalised values of 4 key governing features at bedtime: (i) Alpha to beta band power ratio, (ii) low to
high frequency band power ratio, (iii) peak beta band frequency and (iv) total EEG spectrum power. The red line
shows the polynomial fit (regression line). b. Similar to (a) but now showing feature values at sleep onset. The
Pearson correlation stats for bedtime (a): (i) coefficient m = 0.08, p = 0.02; (ii) coefficient m = —0.08, p = 0.01;
(iii) coefficient m = —0.08, p = 0.02; (iv) coefficient m = 1.85 x 107°, p = 1; For (b): (i) coefficient m = 0.10,
p = 0.001; (ii) coefficient m = —0.02, p = 0.56; (iii) coefficient m = —0.03, p = 0.43; (iv) coeflicient m = 0.01,
p = 0.76.

3.3.2. The effect of ageing

After identifying the EEG features that best distinguish brain activity at sleep onset, I explored
whether those features are affected by age by computing the correlation (using the Pearson
correlation test) between the subjects’ feature values and their age. The results are summarized
in Figure 3.4. It shows that at bedtime, ageing was associated with a higher alpha-to-beta power
ratio (coefficient m = 0.08, p = 0.02) but a lower low-to-high power band ratio (m = —0.08,
p = 0.01) and peak beta band frequency (m = —0.08, p = 0.02). At sleep onset, ageing was
associated with a higher alpha-to-beta power ratio (coefficient m = 0.10, p = 0.001). The
correlation between sleep onset alpha-to-beta power ratio and ageing survived a Bonferroni
correction of the eight comparisons (corrected p-value threshold 0.00625). The results suggest
that elderly people had overall higher alpha-to-beta power that is sustained at sleep onset. The
interpretation of the findings is however limited, especially for bedtime features. This will be

discussed further later.

Next, I used GLM to explore whether there is a relationship between all the EEG features and
ageing. I focused on the sleep onset period since at bedtime brain activity can be influenced by
many factors apart from age. Before fitting the model, the feature values from all samples of
the same participant (four samples at sleep onset) were averaged. I found that the GLM model
was significant with F-stat 3.15, R-squared 0.14 and p < 0.0005. The significant features are

listed in Table 3.1. It shows that at sleep onset, ageing was associated with lower values of Beta
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Figure 3.5: Linear correlations between the significant features from the GLM model and age.
a-e. Linear correlation between age and the significant features in the GLM model. (a) beta band power, (b)
delta band peak frequency, (¢) autocorrelation width, (d) auto mutual information, and (e) entropy. Red line,
linear polynomial fit; (a) coefficient m = —0.07, p = 0.03 for Pearson correlation test, (b) m = —0.08, p = 0.01,
(c) m =0.01, p=10.80, (d) m = —0.08, p = 0.01, and (e) m = —0.03, p = 0.34.

band power, Delta band peak frequency, Autocorrelation width, Auto mutual information, and
Entropy, and with higher values of Low to high-frequency band power ratio (a governing feature
shown before). Refer to Appendix B.5 for full GLM statistics of all features and explanations of
the six features that are significant in the model. One of the features (the ‘low to high frequency

band power ratio’) was the same as one of the four key governing features before.

Table 3.1: List of significant features at sleep onset to predict age in GLM, along with their statistics. ‘t-Stat’
stands for t-statistics.

Estimated Standard Error
Feature name . . t-Stat p-value
Coefficient Estimate
Beta band power -45.33 13.59 -3.34 0.001
Low to high frequency band
. 51.37 22.15 2.32 0.021
power ratio
Delta band peak frequency -6.86 2.37 -2.90 0.004
Autocorrelation width -8.97 3.75 -2.39 0.017
Auto mutual information -12.89 2.82 -4.57 5.58x1076

Continued on next page



Section 3.3 79

Table 3.1: List of significant features at sleep onset to predict age in GLM, along with their statistics. ‘t-Stat’

stands for t-statistics. (Continued)

Entropy -19.95 6.07 -3.28 0.001

The GLM showed that at sleep onset, a linear combination of these six features was correlated
with age. To test whether each individual feature is correlated with age, I repeated the Pearson
correlation analysis to all the features apart from the low to high-frequency band power ratio,
which was already computed, see Figure 3.4bii. The results are summarized in Figure 3.5. The
results confirmed that ageing was associated with reduced beta band power, delta band peak
frequency, and auto-mutual information at sleep onset. Overall, the results suggest that sleep
onset of older people was associated with slower brain activity and stronger noise-like patterns
with less repetition (Escudero et al., 2009). It is interesting to note that although a linear

combination of all these features could predict ages, not every feature was correlated to age.

Finally, I deployed the GLM to test the effect of ageing on bedtime EEG. The fitted model had
an F-stat of 1.64, an R-squared value of 0.079 and a p-value of 0.005. The full model statistics
and statistics for each feature can be found in Appendix B.6. The six features shown before
were not significant in this model, and there were only a few features just below the significance

line (p-value 0.05), which is not further interpreted here.

3.3.3. The effect of gender

Next, I tested, using a two-sample t-test, whether the governing EEG features differ between

male and female participants. The results are shown in Figure 3.6.

I found that female participants had higher total EEG spectrum power (p = 0.04) and beta
band frequency (p = 0.02) at bedtime. However, the interpretation is limited since the results
did not survive correction for multiple comparisons. The full statistics are given in Appendix
B.7.

To explore the effect of gender across all the EEG features, I used the classification followed by
hierarchical clustering as before but now for ‘male’ and ‘female’ labels. I did not find features

with an accuracy larger than 55%, suggesting no differences between genders.

3.3.4. Validation using a second sleep EEG dataset (Montreal dataset)

To test the generalization of the results obtained with the MESA dataset, I repeated the analysis
with the Montreal dataset. As mentioned previously, the Montreal dataset contains 17 channels,

but only three channels, Fz, Cz and Pz, were taken here, which measure approximately the same
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Figure 3.6: Differences of the four key features between genders. a. Differences of the 4 key governing
features between female and male participants at bedtime; (i) alpha to beta band ratio, (ii) low to high band
power ratio, (iii) peak beta band frequency and (iv) total EEG spectrum power. b. Similar to (a) but now for
features at sleep onset. ‘“*’ implies p < 0.05 using a double-sided two-sample t-test; n.s. non-significant. The full
distribution statistics can be checked in Appendix B.7. The red horizontal line shows the median values, with the
box showing the upper and lower 25% quantile lines. Red plus markers show the outliers, who are more than 1.5
interquartile range (distance from top to bottom) from the top and bottom of the box.

cortical areas as in the MESA (frontal, central and parietal /occipital). Figure 3.7 shows the EEG
features that best distinguish the brain activity at sleep onset state from the brain activity at
bedtime in this dataset. As in the MESA dataset, there were four feature clusters with a mean
classification accuracy higher than 65%. The corresponding governing features were the low to
high frequency band power ratio (accuracy 80.6%) and the peak beta band frequency (accuracy
72.6%) as in the MESA dataset, and the theta band peak frequency (accuracy 68.6%) and the
delta band peak frequency (accuracy 72.6%), that different from the MESA dataset, Figure 3.7b.
In comparison to bedtime, brain activity at sleep onset was associated with an increase in the
low to high-frequency band power ratio and a decrease in the peak beta band frequency as in

the MESA dataset and with lower theta frequency and higher delta frequency.

The total EEG spectrum power found to govern the sleep onset in the MESA dataset but not
the Montreal dataset had a high accuracy of 69.9% in the Montreal dataset. However, since the
feature occurred inside a large cluster with a mean cluster accuracy smaller than 65% it was not
picked up. The alpha to beta band power ratio was found to govern sleep onset in the MESA
dataset, but not the Montreal dataset had a lower accuracy of 61.9% in the Montreal dataset. It
was not linked to other key feature clusters. The peak delta and theta band frequencies found
to govern the sleep onset in the Montreal dataset but not the Mesa dataset, had accuracies of
64.79% and 53.81%, respectively, in the MESA dataset. Refer to Appendix B.8 for a table of

all the features listed in the hierarchical order as in the figure, along with their accuracies.

As in the MESA dataset, classifying with all the features (i.e., 47 features arranged from highest
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to lowest classification accuracy), the SVM model achieved a very high accuracy (89%, f-score
0.89) (Figure 3.8a). Similar accuracy could be achieved by using only the governing features
(86%, f-score 0.86) (Figure 3.8b). As a quick test, the same four key features from the MESA
dataset were used here in the Montreal dataset to classify between the two states, and the model
reached 83% accuracy (F-score 0.84), which was also higher than that in the MESA dataset.

Overall, the replication of the analysis in the Montreal dataset confirmed that the brain activity
at sleep onset could be accurately distinguished from the brain activity at bedtime using a
small subset of features, aka governing. The differences in the governing features and accuracy
between the datasets could have originated from the fact that the Montreal cohort includes
subjects with MCI. To explore the effect of MCI, I repeated the analysis of the Montreal dataset
but separately for the normal and MCI participants. The results are shown in Figure 3.9. It
shows that the sleep onset in healthy participants was governed by the same four features found
when the whole dataset was analyzed (i.e., the low to high band power ratio, the peak delta,
theta and beta band frequencies) plus an additional feature, i.e., the total EEG spectrum power
(Figure 3.9a). The sleep onset in participants with MCI was governed by the same four features
found when the whole dataset was analyzed (i.e., the low to high band power ratio, the peak
delta, theta and beta band frequencies), plus a different additional feature, i.e., the delta to
alpha band ratio (Figure 3.9b). The delta-to-alpha band ratio also had high accuracy (72.72%
in the healthy group but was correlated with the low-to-high band power ratio feature (yellow
in Figure 3.9a). The total EEG spectrum power also had a high accuracy (68.71%) in the MCI
group but was embedded in the cluster with a low mean accuracy (yellow in Figure 3.9b). The
tables of the list of features in the hierarchical order for each one of them can be found in
Appendix B.9.

3.3.5. The effects of cognitive impairment on the features at bedtime and sleep onset

To further investigate the effect of cognitive impairment on sleep EEG activity, I directly com-
pared the governing features between the normal and MCI groups at bedtime and sleep onset.
The results are shown in Figure 3.10 for bedtime and Figure 3.11 for sleep onset. The full
statistics of the two figures can be found in Appendix B.10.

It reveals that at bedtime, the participants with MCI had higher low-to-high frequency band
power ratio and peak delta band frequency (both increase at sleep onset compared to bedtime),
but lower peak beta band frequency (which decreases at sleep onset compared to bedtime).
At sleep onset, the participants with MCI had a higher peak beta band frequency but a lower
total EEG spectrum power (which increases at sleep onset compared to bedtime). Together
these results demonstrate that people with MCI had brain activities that are closer to sleep
when going to sleep and shallower sleep activities at its onset. Earlier studies have shown that

people with MCI have reduced vigilance during wakefulness (Jaussent et al., 2012). The results
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Figure 3.10: Differences in the six key features between Normal (blue) and MCI (red) partic-
ipants at bedtime. a Alpha to beta band ratio; b low to high frequency band power ratio; (c) peak delta
band frequency; d peak theta band frequency; e peak beta band frequency; f total EEG spectrum power. ***
implies p < 0.0005 using double-sided two-sample t-test; * implies p < 0.05. Violins show the kernel density plot
(external shape), median values (white non-filled circle) and upper and lower 25% quantiles (grey bar).

reported here raise the possibility that reduced vigilance during wakefulness could be associated
with the ability to initiate sleep.

To test whether other features could differentiate the brain activity of the MCI participants from
healthy participants, I tested classification between the Normal and MCI labels. I did not find
features that could classify the brain activity of the MCI participants with sufficient accuracy

(all feature accuracies were smaller than 60%) at both bedtime and sleep onset.

3.3.6. Relationship to sleep onset latency

In this section, I aim to explore whether the time participants required to fall asleep, i.e., the
sleep onset latency relates to the features of their brain EEG. I first tested the relationship
between the participants’ sleep onset latency and their demographics (age, gender, cognitive
impairment). I then tested the relationship between the participants’ sleep onset latency and
the value of the EEG features governing sleep onset. Finally, I tested whether the sleep onset

can be predicted via a regression using all the feature base and demographic information. I used
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Figure 3.11: Differences in the 6 key features between Normal and MCI participants at sleep
onset. Same as in Figure 3.10 but now for feature values at sleep onset. *** implies p < 0.0005 using double-sided
two-sample t-test; * implies p < 0.05. Violins show the kernel density plot (external shape), median values (white
non-filled circle) and upper and lower 25% quantiles (grey bar).

the MESA dataset in all the analyses apart from the analysis that tested the effect of cognitive
impairment. In all the analyses later, the features of the EEG mini-epoch samples from the same
participant were averaged to get representative feature values for that participant (at bedtime

or sleep onset separately).

Effects of age, gender and cognitive impairment on sleep onset latency

Figure 3.12 shows the relationship between sleep onset latencies, and age, gender, and cognitive
impairments. I found that the participants’ sleep onset latencies were slightly negatively cor-
related with their age (coefficient -0.06, p= 0.049), Figure 3.12a. The sleep onset latencies of
female participants were slightly longer than male participants (female: 50.42 £+ 25.40 minutes
mean =+ st.d.; male: 47.05 £+ 24.48 minutes; p = 0.03), Figure 3.12b. The sleep onset latencies
of participants with MCI were longer than those of healthy participants (MCI: 24.20 + 17.02
minutes; healthy: 20.28 + 17.63 minutes; p = 0.048; Montreal dataset), Figure 3.12c. It is worth
noting that the Montreal datasets had a lower latency range than the MESA dataset.
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Figure 3.13: Correlation between the four key features and sleep-onset latency at bedtime (a)
and sleep onset (b). The four features are alpha to beta band ratio (i), low to high frequency band power ratio
(ii), peak beta band frequency (iii), and total EEG spectrum power (iv) separately. Red line, the polynomial fit
(regression line). For (a), (i) line slope m = —0.14, p < 0.0005 Pearson correlation test; (ii) line slope m = 0.25,
p < 0.0005; (iii) line slope m = 0.08, p = 0.02; (iv) line slope m = —0.24, p < 0.0005; For (b), (i) line slope
m = —0.05, p = 0.13; (ii) line slope m = —0.003, p = 0.92; (iii) line slope m = 0.04, p = 0.24; (iv) line slope
m = —0.04, p = 0.26;

Effect of governing EEG features on sleep latency

Figure 3.13 shows the correlation between sleep onset latency and the EEG features found to
govern sleep onset. I found that the participants’ sleep onset latencies were correlated with the
bedtime but not sleep onset values of the features governing sleep onset (i.e., the alpha to beta

power ratio, the low to high frequency band power ratio, the peak beta band frequency, and
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the total EEG spectrum power). Specifically, longer sleep onset latencies were associated with
lower alpha to beta band ratio (m = —0.14, p < 0.0005) and total EEG spectrum (m = —0.24,
p < 0.0005) at bedtime (both increase at sleep onset compared to bedtime), but higher low
to high frequency band power ratio (m = 0.25, p < 0.0005) and peak beta band frequency
(m = 0.08, p = 0.02) at bedtime (increase and decrease at sleep onset compared to bedtime,
respectively). However, the correlation with the peak beta frequency did not survive Bonferroni

correction for the eight comparisons (p-value threshold 0.0065).

These results demonstrate that, no matter how long it took for the participants to fall asleep,
their sleep onset state (based on the features) was not affected by it. The negative correlation of
the sleep onset latency with the bedtime’ s alpha to beta band ratio and total EEG spectrum
suggests that the more similar the brain activities to sleep the shorter the sleep latency. However,
the positive correlation with the low to high frequency band power ratio implies that it is not a

simple relationship.

Prediction sleep latency from bedtime EEG

Could sleep onset latency be predicted from the EEG features at bedtime? To test the feasibility
of predicting sleep onset latency, I first used the feature-based learning approach to test whether
fast and slow sleepers can be classified based on their bedtime EEG. Thus, I extracted the 20
percent fastest and 20 percent slowest participants (Figure 3.14). The fast sleeper group had a
sleep onset latency smaller than 23 minutes (N = 203 participants, 98 males). The slow sleeper
group had a sleep onset latency larger than 74 minutes (N = 205 participants, 84 males). The
fast sleeper group was slightly older than the slow sleeper group (fast sleepers: 70.38 + 8.94
years; slow sleepers: 68.65 + 8.98 years; p = 0.046, Kruskal-Wallis test), Figure 3.14, consistent
with Figure 3.12a.

The classification outcome is shown in Figure 3.15. I found three feature clusters with a mean
accuracy of approximately 60% (the rest of the clusters had a lower mean accuracy): total EEG
spectrum power, lower delta to alpha band power ratio, and delta band power (Figure 3.15b).
The key feature selection criterion was adjusted here since the general classification accuracy
was not very good for all features. See Appendix B.11 for the feature list in the order of
hierarchical clustering. Participants with faster sleep latencies had higher total EEG spectrum
power (increase at sleep onset compared to bedtime), but lower delta to alpha band power ratio

and delta band power (increase at sleep onset compared to bedtime).

The association of fast sleep latency with higher total EEG power is consistent with the analysis
shown in Figure 3.13aiv, suggesting the closer the bedtime values to sleep onset ones, the faster
the transition. However, the association of fast sleep latency with lower delta to alpha band

power ratio and delta band power suggested a spring-like phenomenon, i.e., the further the
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Figure 3.15: Hierarchical clustering of the features that distinguish fast and slow latencies cohort
at bedtime. a. Hierarchical clustering of the top 40 features that best distinguish between fast and slow. The
top 40 features that best classify wakefulness (bedtime) and sleep-onset are chosen and hierarchically clustered
based on the absolute correlation coefficient with a clustering threshold of 0.5. The features are re-arranged
according to the clustering, with the dendrogram shown on the left; Blue squares indicate cluster centres; Green
boxes indicate features that are clustered together; Red squares indicate the key features selected. The Pearson
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The key features selected along with their accuracies and distribution plots for fast (blue) and slow (red) cohorts:
(i) the total EEG spectrum power; (ii) the delta to alpha band power ratio; (iii) the delta band power.
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bedtime values to sleep onset ones, the faster the transition. Using all features, the classification
(leave-one-out linear SVM) accuracy was 63.5% (F-score 0.61). Using only the three governing
features, the accuracy was similar i.e., 63.7% (F-score 0.59). Note, that although the accuracy

is not high, it was significantly larger than a chance level (50%).

After validating that the EEG features at bedtime can be classified between fast and slow sleep-
ers, I used GLM to test whether the sleep latency could be predicted from the EEG features at
bedtime. The GLM was applied using all features (at bedtime) as predictors and the latencies as
the response variable, with the Gaussian distribution assumption (as no other clear distribution
properties described well the data). I found that the model was significant with an F-stat of
3.66, an R-squared of 0.16, and p < 0.0005. The model had four significant features: the delta
band power, the theta band power, the theta to beta band power ratio, and the total EEG spec-
trum power (Table 3.2). The full GLM statistics for all features can be found in Appendix B.12.
Note, that the delta band power and the total EEG power were consistent with the previous

classification analysis.

Table 3.2: List of significant features at bedtime to predict sleep onset latency in GLM, along with their statis-

tics. ‘t-Stat’ stands for t-statistics.

Estimate Standard Error t-
Names . . p-value
Coefficient Estimate Stat
Delta band power 117.25 59.27 1.98 0.048
Theta band power -166.32 68.92 -2.41 0.016
Theta to beta band ratio 179.12 72.02 2.49 0.013
Total EEG spectrum power 64.99 32.85 1.98 0.048

The outcomes of the slow vs fast classification analysis and the GLM suggest that the sleep onset
latency was associated with five features: bedtime power at the delta and theta bands, the power
ratios between the delta and alpha bands and the theta and beta bands, and the total EEG
spectrum power. The correlations between these features and the sleep onset latencies are shown
in Figure 3.16 except for the total EEG spectrum power, which was shown in Figure 3.13aiv.
It shows that the delta band power and delta to alpha band ratio had a positive correlation
to the sleep onset latency. The correlation between the theta band power and the theta to
beta band ratio and the sleep latency was not significant. These results support the spring-like
phenomenon, i.e., the lower the absolute or relative delta power at bedtime the faster the sleep

latency.

Next, I tested whether the sleep onset latencies can be predicted using the previously identified
key features, combined with the knowledge of age and gender, using the Ridge regression model.

To avoid biasing the model, the age values were z-score normalised before fitting into the model



90 Chapter 3. The distinctive brain EEG activities at sleep onset

a Delta band power b Theta band power
19 19
0.8 N . - 08 4 -
o et o
= - =
S S :
> > 064 .
= =
o =
(] (]
k] 204
© ©
£ E |3
S S0z
O T T T T L} T T T 1 O T T T T L} T T — T 1
0O 10 20 30 40 50 60 70 80 90 0O 10 20 30 40 50 60 70 80 90
Time to sleep (min) Time to sleep (min)
C Delta to alpha band ratio d Theta to beta band ratio
19 19
0.8
(0] [0}
= =
© ©
> > 0.6
& &
o o
(] (]
k] £ 0.4 4
© ©
£ £
3 S 02+
0 T T T T I‘ T T T 1 0 T T T T T T T = T ;
0O 10 20 30 40 50 60 70 80 90 0O 10 20 30 40 50 60 70 80 90
Time to sleep (min) Time to sleep (min)

Figure 3.16: Correlation between the significant features in GLM and sleep-onset latency at
bedtime. The three features are delta band power (a), theta band power (b), delta to alpha band ratio (c) and
theta to beta band ratio (d) separately. Red line, the polynomial fit regression line. (a), line slope m = 0.25,
p < 0.0005 Pearson correlation test; (b), m = —0.003, p = 0.93; (¢), m = 0.31, p < 0.0005 and (d), m = —0.06,
p = 0.06.
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Figure 3.17: Comparison of the predicted sleep onset latency from the regression model and the
actual latency. Red line, linear polynomial fit line. The correlation coefficient is 0.32 with the p-value smaller
than 0.0005 using the Pearson correlation test.

(as all other features vary from 0 to 1). I found that using the five governing EEG features,
age and gender, the prediction root mean squared error was 23.8 minutes (10-fold leave-one-out

cross-validation), Figure 3.17. Using all the EEG features, age and gender, the prediction root
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mean squared error was similar (23.7 minutes).

Dependency of sleep onset EEG dynamics on sleep latency

Are the EEG features at sleep onset dependent on the sleep latency? Classification of the fast and
slow sleepers using the EEG features at sleep onset was not accurate (highest feature accuracy
was smaller than 55%, accuracy using all features was 52.5%, F-score 0.52). Similarly, using
GLM sleep latency could not be predicted using the EEG features at sleep onset (an F-stat of
1.09, R-squared of 0.05 and p-value of 0.32). These results demonstrate that the brain activity

at sleep onset was independent of the latency to sleep onset.

3.4. Discussion

In this chapter, I used a feature-based statistical learning approach to identify the EEG features
that distinguish the brain EEG activity at sleep onset from bedtime in older adults and explored
the effect of demographic factors such as age and gender as well as MCI. In contrast to earlier
studies, I used a comprehensive feature base and statistical learning including hierarchical fea-
ture clustering in two large independent sleep EEG datasets (including more than a thousand

subjects) to systematically find the most informative features.

3.4.1. A set of orthogonal EEG features distinguishing sleep onset from wakefulness

I showed that brain activity at sleep onset can be reliably and accurately distinguished from
bedtime by changes in a small set of four EEG features. Specifically, sleep onset is associated
with an increase in the alpha-to-beta band ratio, low-to-high band power ratio and total EEG
spectrum power, and a decrease in the peak beta band frequency. The results suggest that
these feature changes best capture the changes in brain activity at the initiation of sleep across
individuals. Contextualizing past literature: Earlier studies suggested that sleep onset could
be described by features such as delta or theta band activities Merica and Fortune (2004);
Achermann et al. (2019), theta to alpha band ratio (Jap et al., 2009; Lal and Craig, 2001),
or power band analysis in general (De Gennaro et al., 2001a). I found that these features
are embedded in feature clusters represented by the low-to-high frequency band power ratio
and the alpha-to-beta band power ratio. The low-to-high frequency band power ratio found in
my investigation was previously proposed by Slipher et al. to capture the consciousness state
(Slipher et al., 2014). The other features, however, have not been previously reported to be
useful in capturing drowsiness or sleep. The increase in total EEG spectrum power is expected

given the larger oscillations at sleep. However, it is interesting that this feature represents a
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cluster with many nonlinear features. Later analyses in this thesis further confirm the power of
this feature. Ogilvie et al’s finding long ago hallmarked such an all-band power increase as the

key implication of transitioning into behavioural sleep (Ogilvie et al., 1991).

In comparison to earlier studies, here I used a more comprehensive feature base and large
datasets. The feature base included all the common EEG features and the CATCH-22 features
that were found efficient for different types of time series data (selected from more than seven
thousand features). I then deployed a hierarchical feature clustering to identify the most infor-
mative features accounting for redundancy in feature information. To test the generality of the

results, I repeated the analysis in an independent dataset.

Broad implications: We used to assess the onset of sleep by the development of delta waves and
micro-events such as K-complex and spindles. (see the AASM Silber et al. (2007) and the Hori’
s nine-stage system Hori et al. (1994)). This chapter’s findings suggest an additional strategy
to assess sleep onset based on four orthogonal EEG features, aka sleep onset EEG biomarkers.
The sleep onset EEG biomarkers will assist future development and sleep-promoting therapies,
including closed-loop neuromodulation. The results also demonstrate the utility of the feature-
based statistical learning pipeline, and how it can be applied to better capture and understand
the underpinning neural signatures behind a process, such as the transition into sleep. With
a specifically designed feature base, the same pipeline can be applied to many other questions,
such as the underpinning brain dynamics differences between diseased brains, key functional
biomarkers behind the neural cognition process, or perturbation biomarkers informing neuro-

intervention effects.

There are of course several limitations of the study as well. The two datasets used in this chapter
provide independent validation of the main outcomes. However, differences in the dataset might
increase the variance in the analysis. For example, the two datasets used different electrode
montages and differed in health conditions (the Montreal dataset included patients with MCI).
Importantly, the sleep onset latency distributions differ between the datasets (see results in
Section 2.2). This means that the bedtime state for the MESA could be different to that of
the MCI, leading to different features found. As some literature proposed, there could be a
‘pre-sleep-onset’ state (Merica and Fortune, 2004; Kinreich et al., 2014), where the brain would
enter an intermittent state before the transition started. It could be that the bedtime dynamics
for the Montreal dataset participants were closer to the ‘intermittent state’. This will be further
discussed in Chapter 4 about the continuous transition dynamics, where it was found that the
theta band peak frequency (as well as delta) had a bursting type of dynamic before sleep onset

and then went back after sleep onset.

The wakefulness state during bedtime (i.e., the first minute of recording) is heterogeneous.
Differences in the starting of the EEG recording and/or the participant’s sleepiness at bedtime

might increase the variance in the analysis. The only certainty about the bedtime state is that
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the participants were awake, while many other factors could confound the actual brain stats

(e.g., moods, thinking). On the contrary, sleep onset dynamics could be of more homogeneity.

The EEG feature base used in this chapter was comprehensive but, in principle, other features
not considered here could also be informative in describing the EEG at sleep onset. The analysis
in this chapter focused on global changes in temporal dynamics of brain activity but did not
examine the spatial dynamics, i.e., inter-regional changes and interactions. I explore the spatial
features in Chapter 5. The analysis of this chapter focused on the brain EEG differences at
the sleep onset state compared to the bedtime wakefulness state, but it did not examine the
transition between the states (i.e., the falling asleep process). I investigate the transition from

wakefulness to sleep in Chapter 4.

3.4.2. Sleep onset latency is correlated with and can be predicted by a small subset of
EEG features at bedtime

I found that the falling asleep time, i.e., sleep latency, is associated with a small set of three
brain EEG features at bedtime, i.e., the total EEG spectrum, the delta band power, and the
delta to alpha band ratio (all features increase at sleep onset compared to bedtime). It is also
found that the sleep onset EEG dynamics are independent of the actual latency that leads to
it. There is not much research that systematically studies the relationship between EEG brain
dynamics and sleep onset latency, but many studies do show that resting state EEG (similar
to the relaxed bedtime state) has predictive value in the sleep onset latency (Diaz et al., 2016;
Kovrov et al., 2018).

We used to think that the more similar the bedtime brain activity to sleep, the faster the
transition to sleep. Some of these features support this view, such as the total EEG spectrum
power and the alpha to beta band power ratio (larger values indicate shorter sleep latency).
However, other features (especially the delta power) cast questions on this point, suggesting
an alternative, coil spring-like phenomenon (Yamagata et al., 2021). This is also illustrated in
the comparison between healthy normal participants and MCI patients. When comparing the
Normal and MCI participants, it was found that the MCI participants were closer to sleep onset
state at bedtime (higher low to high band power ratio, higher peak delta band frequency and
lower peak beta band frequency), but they reached a much shallower sleep onset state (higher
peak beta band frequency and lower total EEG spectrum power at sleep onset). However,
the MCI participants had a significantly higher sleep onset latency than normal participants.
Relating to the ‘spring theory’ in sleep proposed by Yamagata et al. (Yamagata et al., 2021),
intense wakefulness could compress the ‘spring’ more and lead to a stronger sleep rebound. This
would imply that the further the features at bedtime to sleep onset, the stronger the drive in
the sleep initiation. As a further comment on the findings in MCI patients, MCI is very often

related to obstructive sleep apnea and excessive daytime sleepiness. Although this was not
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demonstrated in the ESS scores, the feature dynamics captured this very well. The shallower
sleep onset state compared to Normal participants implies a more aroused asleep state and could

be related to sleep fragmentations in cognitively impaired patients (Gorgoni et al., 2021).

The finding is limited by the specificity of the feature base and database, and by the heterogeneity
of the bedtime brain EEG as described above. In addition, the finding was not validated in
multiple datasets, not at a single subject level. Future studies using multiple recordings from
the same individuals could test the subject-level prediction of this approach. It also relates to the
definition of the falling asleep period (or sleep onset period) and latency. The actual ‘transition’
into sleep could be much shorter than from bedtime to sleep onset, which means that the brain
dynamics stay stagnant until the actual transition occurs. Therefore, the model would lose
functionality if the bedtime dynamics stay anywhere outside the transition zone. Further, the
actual temporal dynamics of the transition were not considered. The prediction was based on
the assumption that the features change monotonically and linearly while falling asleep, which
might not be true. Relating to the previously identified contradictory feature results (feature
changes to sleep latencies), the nonlinear feature dynamics could be one explanation for it as
well (see Chapter 4 later).

3.4.3. Ageing is associated with shorter sleep onset latency and distinct brain dynamics at

sleep onset

I found a negative correlation between sleep onset latency and age, suggesting older people fall
asleep faster. In addition, older people had a higher alpha-to-beta power ratio (feature increases
at sleep onset compared to bedtime) at sleep onset. This result contradicts earlier findings that
older people have longer sleep onset latency and have a more aroused sleep state (Li et al.,
2022; Gorgoni et al., 2021; Mander et al., 2017). Firstly, the population in the MESA dataset
is already in the elderly range and does not capture a full age spectrum. There are no ‘young’
participants to compare with, as in the other studies. Other factors include the differences in
the sleep onset definition. I conservatively used the first continuous minute of stage N2 while
often the first epoch of N1 or N2 is used. In addition, it could be associated with the differences
in the dataset.

A general slowing down of the brain dynamics at the sleep onset state was found (negative
correlations in beta band power and delta band peak frequency). This corresponds to the
typical understanding that ageing populations have a slowing of the brain rhythms (Dauwels
et al., 2011). Ageing brains also have disrupted weak nonlinear structure (especially in cognitive
impairment and neurodegenerative disease), which results in a decreased complexity but a more
noise-like and less nonlinear EEG structure Jeong (2004); Stam (2005); Delbeuck et al. (2003).
This corresponds to the current finding that the auto mutual information (which measures

the signal’s nonlinear structures) decreases with age. These findings generally imply that the
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typical ageing brain characteristics can also be observed at the sleep onset state. Of course,
the correlations between age and these features were weak (and did not survive Bonferroni
corrections), and it could be possible that GLM was biased due to the different number of
samples for each age number. However, the results show that the behaviourally homogeneous
state does have intrinsic dynamic differences (given the six features from GLM) related to ageing,

and can be potentially extended for further phenotyping of the participants.

The general limitations listed above pertain to the specificity of the feature base and database
and to the heterogeneity of the bedtime brain EEG applied. In addition, the finding was not

validated in multiple datasets.

3.4.4. Other general limitations

The statistical metrics used in this chapter were mostly intuitive and simple, like linear kernel
SVM and GLM models, along with pre-defined thresholds for choosing features. One could
argue why not use more sophisticated models for better accuracy or predictions. More complex
models mean less interpretable results. Deep learning models are great, but ‘what’ is learnt in the
model is hard to interpret. The simple models do not provide great sensitivity, but combined
with the feature base, they can provide significant statistical inferences about the important
features, leading to an understanding of the basic principles and mechanistic interpretations.
With the basic principles ready (e.g., in sleep onset latency, there are important EEG dynamics
at bedtime to predict it, and it is independent of the sleep onset state), one can then deploy more
complicated models to get more accurate predictions and make into engineering applications.
Sometimes, it could be possible that the simple metrics cannot distinguish well (for instance,
in the cases of gender, no features classified with above 55% accuracy), and it is possible to
deploy more complicated models and comprehensive statistical tests (such as surrogate testings)

to extract key features for more insights.

That being said, the statistical inferences in huge heterogeneous datasets are great for under-
standing general mechanistic principles, but it could still be beneficial to conduct more rigorous,
well-controlled studies to gain better insights into the variabilities within and between subjects.
In predicting the sleep onset latency, for instance, it would be better to phenotype the partic-
ipants based on their bedtime EEG characteristics or other information (e.g., demographics),

and for each type, there could be an independent prediction model.

There are many other questions regarding the bedtime and sleep onset EEG dynamics outside
the demographics listed in this chapter. The participants studied in this chapter did not include
those with extremely short or long sleep onset latencies (3-90 minutes range), and as previously
mentioned, they could be studied themselves specifically, as narcolepsy or insomnia are both

a kind of ‘diseased’ sleep initiation problem. With other datasets, it would be good to study
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how different disease patterns change these dynamics and gain more insights into them (e.g.,

neurodegeneration, depression, brain injury), and provide more diagnostic values (Ogilvie, 2001).



4. Bifurcation brain EEG dynamics during falling
asleep

4.1. Introduction

In the previous chapter, I investigated brain EEG at sleep onset, identifying the features that
best distinguish the state from bedtime wakefulness. In this chapter, I aim to investigate the
dynamics of the brain EEG that governs the falling asleep process, i.e., the transition from the

wakefulness state to the sleep onset state.

Early EEG studies suggest that the falling asleep process is continuous and involves gradual
changes in brain activity (Ogilvie, 2001; Merica and Fortune, 2004; Gorgoni et al., 2019) accom-
panied by behavioural and physiological changes (Ogilvie and Wilkinson, 1984; Ogilvie, 2001).
The changes in EEG include the generation of alpha band bursts followed by the emergence of
Vertex sharp waves and spindles (Hori et al., 1994) as well as spatiotemporal patterns across
frequency bands (De Gennaro et al., 2001a; Gorgoni et al., 2020) (see Section 1.3 for detailed
discussions). Most of the analyses, however, are bound to the sleep stages, to which most of
their conclusions (in the EEG spectral changes) are statistically linked. The distinct dynamical
patterns of different power bands (how they change temporally and locally, how they interact
and link to other regions) are complex and hard to generalise as a whole. A study by Merica
and Fortune (Merica and Fortune, 2003) provided an interesting insight that the transition to
sleep involves distinct quantitative regional differences (e.g., different band-power changes), but

is uniformly controlled by the brainstem temporally.

Conceiving the brain as a complex dynamical system (see Section 2.5), the wake-sleep transition
can be considered as a phase transition. Underpinned by neurobiology, the wake-sleep tran-
sitions are governed by mutual inhibition of wake-promoting nuclei and sleep-promoting ones,
with external regulations of the circadian rhythms and homeostatic forces (Saper et al., 2010;
Sulaman et al., 2023). This mutual inhibition makes the actual wake-sleep transition very rapid
compared to the entire sleep duration, with underlying neuronal firing dynamics switching from

wake-promoting ones to sleep-promoting ones (Saper et al., 2010; Takahashi et al., 2010). Several
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conceptual models have been developed to model this regulation, for example, the well-known
two-process model (Borbély et al., 2016), or the flip-slop switch model (Saper et al., 2001). The
two models well delineate the macroscopic dynamics of the wake-sleep regulation process, where
the brain switches abruptly between these two states. This ‘switching’ process can be conceived
as a type of bifurcation (or critical transition), with bi-modal brain dynamic patterns and in-
accessibility between these two states (de Mooij et al., 2020). Still, the microscopic dynamics
in the timescale of seconds or minutes cannot be described in the model. Based on neurological
theories, several neurophysiological models (especially neural mass models) have been developed
and demonstrated that the wake-sleep transition is theoretically a bifurcation process (Phillips
and Robinson, 2007; Robinson et al., 2011; Yang et al., 2016). These models provided valu-
able mechanistic insights into the neuronal dynamics during the wake-sleep transition and the

theoretical foundation for describing the dynamics as a bifurcation.

However, to date, there has not been experimental evidence that the human falling asleep pro-
cess is a bifurcation dynamic. In the neurophysiological models, there are many simplified
assumptions, for instance, the neuronal firings of a nucleus are summarised into one differential
equation, with simplified inputs and outputs between different nuclei as one inhibitory or ex-
citatory parameter. There are also numerous brain nuclei not included in the models, and the
complex interactions are simplified. The dynamics of the model can also be easily observed in
the firing outputs of the nuclei in the model. There are thus many difficulties in demonstrating
such dynamics in actual brain EEG data: the quantification of the high-dimensional system
state variables, the measurement of the underlying sleep control parameters that drive the bi-
furcation process, and the unclear governing law of the brain as a complex dynamical system
itself. One exception is a recent study by de Mooij et al. (de Mooij et al., 2020) who examined
a bifurcation dynamic in the sleep EEG of two subjects. The study did not find bifurcation
but the small number of subjects and the small EEG feature base (a subset of power spectrum

features) limited the investigation.

What are the benefits of describing the brain state transition with a bifurcation dynamic (i.e.,
a critical transition)? One potential benefit is an empirical definition of sleep onset outside the
framework of sleep staging (de Mooij et al., 2020). A second potential benefit is the ability to
track and predict the sleep onset transition as was previously shown in epileptic seizure onset
prediction (Stam, 2005; Yuan et al., 2012; Lopes da Silva et al., 2003; McSharry et al., 2003).
One important characteristic of a bifurcation dynamic is the critical slowing down (Scheffer
et al., 2009, 2012). A critical slowing down implies that when a system is close to a bifurcation
(i.e., the disappearance of an old state and the emergence of a new state), the system is more
easily perturbed (due to a weaker state attractor) resulting in a larger variance and higher
autocorrelation due to small perturbations. These so-called ‘early warning signals’ (EWS) can
help predict the critical transition before it happens. A critical slowing down has been widely

observed in dynamical systems such as ecological systems (before species extinction, van Nes
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and Scheffer (2005)) or financial markets (before the financial crisis, May et al. (2008)). It was

also been used in the prediction of epileptic seizures (de Mooij et al., 2020).

In this chapter, I test whether the changes in the brain activity during the falling asleep process
have a bifurcation dynamic by examining the wake-sleep trajectory in the feature state space.
The state space analytic approach was previously applied in other studies as well, for instance,
Behn et al. (Diniz Behn et al., 2010) used EEG band power features to delineate the wake and
sleep states as two distinct clusters in the feature space (bimodality as previously mentioned).
Here, I use the more comprehensive feature base as described in Chapter 3 and the large MESA
open-source sleep EEG dataset (including more than a thousand subjects). I then use dimension-
ality reduction strategies to identify the EEG features dynamics that underpin the bifurcation
dynamic. Finally, I explore whether EWS could predict the participants’ transition to sleep.
By developing a model that represents the dynamic by which the brain EEG changes from
wakefulness to sleep onset, I aspire to support the development of closed-loop neuromodulation

intervention for sleep onset insomnia (the overarching goal of the thesis).

4.2. Methods

In this section, I will introduce the main methodologies used in this chapter, specifically, the
conceptualisation of the feature state space, the bifurcation model used, governing feature dy-
namics analysis, and the critical slowing down theories. Most of the analyses were done on the
group level dynamics, with only early warning signals done on individual levels. Some post hoc
analyses or statistical tests based on observations of the data are introduced along with the

results.

4.2.1. Feature dynamic time series during falling asleep
Transformation of the EEG into feature time series dynamics

The first step was to transform the EEG time series during the falling asleep transition into the
feature space. This step can be visualised as in Figure 4.1. The same feature base was used
(47 features). To construct the continuous feature time series, the entire falling asleep period
for every participant (from bedtime to sleep onset) was taken, with an additional 10 minutes
(min) taken after sleep onset. The EEG period was then divided into several 6-second (s) mini-
epochs with 50% overlapping (3 s). Unavoidably, there were artefacts inside this period of EEG
data. Thus, to exclude artifactual mini-epochs, a similar RMS-based method (see Section 2.2)
was applied, but here the RMS values were evaluated on every 6s mini-epochs and epochs with

RMS values above 2.5 the median of all were excluded (marked as NaNs). Similar to previously,



100 Chapter 4. Bifurcation brain EEG dynamics during falling asleep

a ° ¢ zzz
[N, |m=,
Bedtime Sleep onset

b

c Awake (Stage 0) Awake (Stage 0) NREM (stage 2)
| E
z W&WWW\L\‘W,15““r,w.“'m,“»\awﬁ;’}w E U}\’M(‘M'J‘WFMN\WW
s e
d > Feature evaluation <5

Feature vector

x47 features

Figure 4.1: Transformation of EEG signals into the feature state space. (a) illustrates that the EEG
time series during the falling asleep period (from bedtime to sleep onset) are taken with exemplary EEG traces
in (b). Then, for each 6s EEG mini-epoch (exemplary traces in (c)), all 47 features are extracted (in (d)) and
thus concatenated into a multi-dimensional feature dynamic time series.

artefacts were marked consistently across all 3 EEG channels, which means that if any mini-
epochs were marked as artefacts in any channel, the mini-epochs at the same timestamp in
the other channels were marked as NaNs as well. Then, for every clean mini-epoch, all 47
features were extracted. By doing so, it is conceptualised that for every mini-epoch, the features
represent their dynamics at that specific timestamp. By concatenating all the features at all
timestamps, the multi-dimensional feature time series was derived (sampled at 3s intervals).
This was done for every EEG channel (3 linked channels in total) of each participant. The
feature vectors between different channels were then averaged to get the global brain dynamics,
and for each participant, there was a 47-dimensional feature time series capturing the global
dynamics while falling asleep (imagine as a 47 by T dimension feature matrix, where N is the
number of participants and 7' is the number of timestamps). Each feature dimension can be
considered to capture the dynamics of one aspect of the system (the brain), and more than just

Fourier-based ones as well.

Before doing further analysis, the features were z-score normalised globally. This means that for
each feature, the feature values from all timestamps of all participants were used to calculate

the mean value and standard deviation, and then all feature values were z-score normalised to
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them. By doing so, different feature dimensions are comparable to each other without relative
magnitude differences and also without destroying inter-subject differences. All later analyses

used the z-score normalised feature time series unless otherwise specified.

Group-averaged individual feature dynamic time-series

For each participant, there was a 47-dimensional feature time series matrix capturing their
full falling asleep EEG dynamics (from bedtime to 10 minutes after the marked sleep onset).
However, as one can see, different participants had different lengths of falling asleep periods
(different latencies). Besides, there were missing values (artifactual epochs) inside each time
series which further complicates the story. To study the group-level dynamics, it is therefore

important to align the data and keep consistent sample numbers at each timestamp.

The most common method used in past literature to deal with the inconsistent period length
is to divide the entire period into equal percentiles, and average within each percentile to get
representative dynamics (Aeschbach and Borbély, 1993; Marzano et al., 2013). Although they
normally defined a starting point of their falling asleep period with some level of certainty that
the ‘transition’ might already started, this method will surely distort, especially the nonlinear
temporal structures of the original dynamics. Therefore, to get the average feature time series
dynamics, the feature time series from all participants were firstly aligned to their sleep onset
point. Then for each participant, their entire feature time series was normalised to their sleep
onset by subtracting the median of their 1-minute sleep onset values (since the features were
already globally z-score normalised). The feature time series dynamics were then the dynamic
changes relative to their sleep onset respectively. Since participants had different sleep onset
latency (3-90 minutes in the MESA dataset after exclusion), the number of data samples de-
creased with time going further from the aligning point. To ensure correct statistics, a minimum
of N = 200 data samples were demanded for each timestamp, and thus the dynamics before
-73.1 minutes (minus sign means before sleep onset) were ignored. Then for each timestamp, I
bootstrapped all data samples available to ensure that only 200 samples were used for evaluating
the mean feature value. This was done for all 47 features separately. The bootstrapping was
done randomly five times to ensure sufficient data representation at each timestamp. I found
that the average group-level dynamics was stable with N = 200. I defined the first epoch of the

1-minute sleep onset as time zero and focused on 60 min before sleep onset.

4.2.2. Conceptualisation of a dynamical system in feature state space for analysis of bifur-

cation

Figure 4.2 illustrates the concept of a dynamical system in the feature space state for the

discussion of bifurcation. In the high-dimensional feature state space (or a manifold), the EEG
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Feature-state space

Sleep onset

Figure 4.2: A conceptualisation plot of the falling asleep transition in feature state space from
bedtime to sleep-onset. On the trajectory of falling asleep (red curve), #(t) represents the feature vector
(feature state variable) at time t, where the vector from #(t) to Z(t + 1) is the state-space velocity AZ(t). The
state variable might go through a manifold in the state space rather than going directly to the sleep-onset point
(green point), therefore we define another variable §(¢), which is the direct vector from Z(t) to sleep onset point
in the feature space (the absolute value is, therefore, the Euclidean distance s(t)).

brain dynamics start from the bedtime state (blue point) and move (red curve) till reaching a
tipping point of the bifurcation dynamic in which it is attracted (pulled) towards the sleep onset
point (green). The trajectory is illustrative only, and different participants could follow different
paths. The state space vector Z(t) is the instantaneous location in the feature space (relative to
the starting coordinates). The time derivative of Z(¢) is the state space velocity vector denoted
as AZ(t). Note that the state variable could go through a complex manifold before reaching the
sleep tipping point. The sleep state vector 5(t) is the vector between the instantaneous location
x(t) and the sleep onset coordinates. The size of the sleep state vector §(t) (i.e., denoted as a
scaler s(t)): s(t) = ||5(t)] is the Euclidean distance to the sleep onset centroid. This variable is

later called the sleep state variable, which captures the dynamics towards the sleep onset.

Evaluations of the variables and group-averaged dynamics

For each participant, the globally z-score normalised, 47-dimensional feature time series were
used. The Z(t) was then the feature vector at timestamp t. The feature state space velocity
vector was evaluated by direct subtraction. The absolute velocity (or distance of change) was
thus the Euclidean distance from Z(t) to Z(t + 1) and denoted as the vector norm of AZ(t) as
I|AZ(t)]|. To evaluate the vector §(t), the sleep onset point vector needs to be defined. To ensure
smooth data and avoid abrupt zeros in the final evaluation of s(¢), the median vector of the 1-
minute sleep onset and 10-minute post-asleep period (11-minute period in total) was taken as
the representative centroid of the sleep-onset state. §(t) was then calculated as the subtraction

of the sleep onset centroid vector to the current state vector, with the Euclidean distance as the
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norm of §(¢). All these evaluations were done in MATLAB with Euclidean distance evaluated

using function pdist2.

The previous actions were done for each participant separately, and here, aside from the feature
time series, there was a feature state space velocity time series ||AZ(t)|| and a distance to sleep
onset time series s(t). To get the group-averaged dynamics of these two variables, the same
bootstrapping was applied here, where for each timestamp, there were N = 200 samples for
averaging, to get the averaged time series. This bootstrapping was done five times as well. As
a side note, the random bootstrapping indexes were kept fixed across different analyses (with
random number generators having fixed seeds). Similarly, time series data was truncated to
start from 60 minutes before sleep onset to 10 minutes after. Later, the time series s(¢) and

|AZ(t)|| will just be denoted as the s and ||AZ]|| for convenience.

4.2.3. Theoretical dynamical system model for bifurcation analysis
Description of the model

The basic dynamical system theory has been introduced in Section 2.5. To systematically explain
and test whether the falling asleep transition dynamics can be modelled as a bifurcation, it needs
to be compared and fitted to a theoretical model. Here, I chose a catastrophic bifurcation model
(there are other types of bifurcation models). The model chosen here came from a well-studied
ecological system describing the catastrophic outcomes of over-exploitation (May, 1977; Noy-
Meir, 1975):

xT JJQ
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where x denotes the system state, ¢ denotes the control parameter of the system. r, K, h are
fixed constants related to the system’s nature: r is the growth rate of the resource biomass
(reproduction rate), K is the ecosystem’s maximum carrying capacity (maximum population
without external interventions due to limited natural resources), and h is the half-saturation
constant (fixed constant when 7 is half of the maximum value). The detailed interpretations
of these constants will not be further discussed here, as they were developed in the context of
ecological harvesting systems. Conceptually, the gradual increase in the grazing rate (c¢) leading
to the catastrophic bifurcation in the system could simulate the dynamics of the falling asleep
transition, during which there would be a gradual accumulation of sleep pressure as well as
decreased wake tones. These constants of course will determine the shapes of the temporal
dynamics and the optimal values will be fitted from the empirical data, but the exact meanings
in this context are by far unexplainable. The model used in the current context is purely
descriptive, to simulate the bifurcation dynamics of the falling asleep transition, and it could be

a different dynamical system with similar bifurcation behaviour. The important point is that
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Figure 4.3: A simulation of the theoretical model demonstrating bifurcation. Key parameters:
r=5.73, K =4.73, h = 0.58, m = 0.11 (Optimal parameters fitted later to sleep state variable s). Solid lines
indicate stable system states (attractors), while dashed lines indicate unstable ones, with arrows indicating the
direction of attraction. The bifurcation point (with critical values) is marked as a blue solid point in the figure.

this model provides an intuitive understanding of this process, and the dynamical patterns are

widely generalisable across different bifurcation models (Maturana et al., 2020).

The bifurcation dynamics are controlled by the control parameter c, i.e., the gazing rate in the
original model. Higher grazing rates lead to a reduction of resource biomass z, and when it
reaches the critical threshold, the system goes through a catastrophic bifurcation resulting in
species extinction without the capability to return to the stable biomass state. The model sim-
ulation can be seen in Figure 4.3 (the plot is typically called a bifurcation diagram), illustrating
how the dynamics of the system state x change along with control parameter ¢. This type of
bifurcation is called ‘catastrophic’ since when ¢ crosses the critical point, the resources will
catastrophically die out. ‘Catastrophic’ also implies that when the bifurcation happens, the
system state cannot immediately return to its previous stable state by reducing ¢ back. This
is called the hysteresis phenomenon, where the transition to and back different system state
attractors across the bifurcation point do not follow the same path, and there are time delays
before one can transit back to the previous state (a transition barrier). This is intuitive in the
context of species, when people harvest hard enough and the species is going to die out, they

are not going to return to normal even if people stop by the next day.

In the wake-sleep transition context, it implies that if the falling asleep transition is catastrophic,
then the reversed waking-up process is not straightforward and that a return will follow a dif-
ferent path. The phenomenon of sleep inertia immediately after waking up, where the cognitive
performances are much worse than the normal wakefulness state (Ferrara and De Gennaro, 2000;
Tassi et al., 2006; Lovato and Lack, 2010), is the direct evidence of hysteresis. Such hysteresis
in the wake-sleep transition has also been shown in neural modelling (Phillips and Robinson,
2007; Robinson et al., 2011; Yang et al., 2016). Hwang et al. demonstrated the same pattern
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in the transition to and from anaesthetic states (Hwang et al., 2012). Using functional mag-
netic resonance imaging (fMRI) data, Stevner et al. showed that wakefulness-after-sleep is an

independent state from the normal wakefulness state before sleep (Stevner et al., 2019).

For the bifurcation to happen in the model, the change of the control parameter is the most
important underlying drive. To fit the model into the falling asleep transition dynamics and
simulate the bifurcation dynamics, the control parameter is assumed to increase linearly over

time:

de _
dt

where m is a constant controlling how sharply it increases. It can be conceived as during the

m, (4.2)

falling asleep transition, the sleep forces increase linearly until the bifurcation threshold, where

the wakefulness state will collapse into the sleep state.

Model fitting and control parameters

The model fitting to the empirical data (the sleep state variable s) was done in MATLAB.
The two ordinary differential equations 4.1 and 4.2 were solved using MATLAB function ode45,
with initial state x equivalent to the starting point of s (t = 1), and initial ¢ = 1. The optimal
parameters r, K, h and m were then found based on minimised root mean squared error, using
MATLAB function fminsearch to search the optimal values. The model performance was then
quantified via the R-squared value: R? = 1 — RSS/TSS, where RSS is the total sum of squares
of residuals, and T'SS is the total sum of squared raw values. The higher the R-squared, the

more variance the model is capturing, and thus the better fitted the model is.

The most important value in the fitting is m, which determines how fast the control parameter
is changing. The time series of the control parameter is thus ¢(t) = mt + 1, and the similarity
between c¢(t) and feature time series was analysed to see which feature best represents the
control parameter in the system. To test the similarity between c(t) and the 47 group-averaged
feature time series (see previous), two metrics were used: the normalised inner product and the
dynamical time warping (DTW) distance. The absolute normalised inner product (similarity

score) between the two time series is given by:
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where a; is the similarity score for the i-th feature, and x;(t) is its feature time series. The
score is between 0 and 1, where closer to 1 indicates higher similarity. The inner product of
the two time series captures the similarity at exactly the same time points. DTW, however,
is a better metric which captures the same dynamical pattern which might occur at different

times or speeds for two time series (Berndt and Clifford, 1994). In mathematical words, the
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DTW algorithm nonlinearly stretches the signals until the Euclidean distance between them
(the sum of every timestamp) is minimised. Thus, DTW is more sensitive in capturing the same
dynamical patterns in the time series. The DTW was implemented using MATLAB function
dtw. The feature with the maximum similarity score and minimum DTW distance was then
taken as the most representative feature as the control parameter of the system. The empirical
bifurcation diagram between the sleep state variable s and the control parameter (the feature

dynamics) was then plotted to observe the bifurcation dynamics.

4.2.4. Dimensionality reduction via functional principal component analysis (FPCA)

Each feature time series measures a specific dimension of the brain dynamics, so it would be
interesting to test causal interactions between these different dimensions. 47 features were
very high-dimensional, therefore Functional principal component analysis (FPCA) was applied
for such a dimensionality reduction. FPCA is a specific method of functional data analysis
(Wang et al., 2016), which is fundamentally a principal component analysis but for functional
data observed continuously in time or space. FPCA analysis uses a combination of different
basis functions (linear, polynomial or splines) to simulate the time series dynamics and identify
intrinsic patterns of the time series, which can be used for reducing dimensionality (finding key
patterns) or comparison analysis. FPCA has the mathematical foundations from the Karhunen-
Loeve transform (Maccone, 2009), which decomposes a signal into a linear combination of a series
of orthogonal bases (derived from the covariance matrix of the signal). FPCA is an extension

of this transformation into discrete data.

FPCA was implemented using the existing Python toolbox ‘scikit-fda’ (https://fda.read
thedocs.io/en/latest/index.html#). To identify the specific dynamical patterns of all
47 features during falling asleep, the FPCA was applied to the group-level averaged feature
time series before the sleep onset point (see previous method, the additional 10-minute post-
asleep period excluded here), with an L2 regularization (also called the Ridge regularisation)
applied. Similar to normal principal component analysis, the selection of the functional principal
components (FPC) was based on the variance explained. To map the FPCs back to the features
(which features best represent the FPC dynamics), the similarity scores between the FPCs and

the feature time series were computed as a normalised inner product between them:

Tt * TFPC
||5Uft|| X |lzrpcll’

score =

(4.4)

where xy; is the feature time series, and xppc is the FPC time series. The score ranges from
-1 to 1 without taking absolute values, since this similarity can both be positive and negative.

The features with maximum and minimum scores were selected for each FPC.

The selected features were the features with the most representative temporal dynamics that
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capture the falling asleep transition process, therefore, their dynamics were plotted out in 2-
D feature state space to observe the transition (between each pair of them). The averaged
and global z-score normalised feature time series were used. To simplify the plot and visualise
the directions and trajectories of the dynamic changes, the median point of every 30s segment
(10 feature samples at 3s sampling intervals) was taken and scattered on the figure, with the
direction vector as the median vector from all data samples in the current 30s median to those in
the next one. Therefore in the plot, one could observe the dynamical changes at a 30s interval,

along with the averaged directions of change.

4.2.5. Granger causality analysis in time-series dynamics

As specified before, FPCA was applied to reduce the dimensionality of the feature time series
to find key representative patterns of changes during falling asleep. It is thus interesting to
test and infer the causal interactions between these different dimensions of changes, which can
provide more mechanistic insights into the brain’s dynamical interactions, and identify ‘sources’
of change for tracking this process or closed-loop interventions. Here, I used Granger causality
(GC) to test the causal interactions. GC tests whether the past of one time series is useful
in forecasting the future or another. Of course, there are many other methods to test different
causal inferences, for instance, the transfer entropy, although they measure fundamentally similar

properties (sharing information and future predictions) (Barnett et al., 2009).

Given that most of the feature time series were non-stationary and cointegrated (with long-term
correlations between them), standard GC testing approaches directly using the vector auto-
regression (VAR) model were not valid. Therefore, the Toda-Yamamoto approach (Toda and
Yamamoto, 1995) was applied to deal with causality testing in nonstationary and cointegrated
data. For the given set of feature time series (K features), the exact steps for testing follow (see

the original paper as well as the detailed tutorial given by Giles (Giles, 2011)):

1. Test each feature time series for their order of integration using both Kwiatkowski—Phillips—
Schmidt—Shin (KPSS) tests and the Anderson-Darling test with a p-value threshold of 0.05;
The order of integration means the minimum number of differentiations needed to make
the time series stationary in covariance measurements. Note down the maximum order of

integration of all K time series as m.

2. Set up a VAR model using MATLAB function varm on the K feature time series. Akaike
information criterion was then used to select the optimal model order py. The Akaike infor-
mation criterion quantifies the information loss of the model, and smaller values indicate a

better model.

3. To make sure that the VAR model was well specified, the residual autocorrelation for each

feature time series was tested using Ljung-Box Q-test (MATLAB function lbgtest), and
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model order py was increased until there was no significant residual autocorrelation (p-value

threshold 0.05) for every time series. Denote the additional lags required as p;.

4. The cointegration between time series was then tested to see whether the VAR model was
stable at the current time series level. The Johansen cointegration test was used, which
converted the VAR model into a vector error-correction (VEC) model and tested the traces
or maximum eigenvalues of the error-correction matrix. If the error correction matrix of the
VEC model is full rank, then the K time series must have cointegration relationships, and
the VAR model is stable at this level (otherwise, further differentiation of the time series
is required before fitting the VAR model). The existence of cointegration also implies that

there must be causalities between two or more time series in the model.

5. Finally, the pair-wise Granger causality was tested between each pair of the feature time
series (conditioned on remaining time series), using MATLAB’ s function gctest, where the
final VAR model order is (m + po + p1). The final statistics excluded the extra m lags in the

model as they were counted for time series integration.

Then between each pair of feature time series, there was a p-value from the test indicating
Granger causality. I took a p-value threshold of 0.025 as the statistical significance level (cor-
rected for each pair of tests) and the significant causal relationships were plotted out in arrows
from one to the other. The test here was conducted only test pair-wise causality for easy inter-
pretation to start with. One could conduct tests for more complicated block-wise interactions

to test causality from a bunch of time series to another bunch.

Aside from this method, there are many other existing toolboxes for doing the GC test. One
example is the MVGC toolbox (Barnett and Seth, 2014), which can test causality for multiple
realisations of each time series process (each feature here). The GC can also be done on the
frequency domain to test causality in a specific frequency band. The theories behind the testing
and different tools are outside the scope here, with the method above easy and transparent to

use in inferring basic Granger causal interactions.

4.2.6. Critical slowing down and its early warning signals (EWS) prior to bifurcation
The basic critical slowing down theory

As outlined before, when the dynamical system is close to a catastrophic bifurcation, there
will be a critical slowing down. The critical slowing down is hallmarked by more vulnerability
(less stability) to external perturbations (Figure 4.4ci), where the system dynamics will have
increased autocorrelation and variance (Figure 4.4cii and ciii). The underpinning reason behind
these dynamics is the change in the system’s attractor landscape (Figure 4.4b), where closer

to bifurcation indicates a shallower state attractor. The exact mathematical proof will not be
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Figure 4.4: Illustration of critical slowing down prior to bifurcation and its early warning signals
(EWS). a. The theoretical bifurcation diagram of the same system as in Equation (4.1). When the system is
far from bifurcation (blue square), the system state attractor will be deep and stable (bi), while when close to
bifurcation (red square), the attractor will become shallow and almost gone with new one emergent (bii). c.
Comparison of system dynamics between far from bifurcation state (blue) and close to bifurcation state (red).
It can be seen that when the system state is closer to bifurcation, it will be more vulnerable to perturbations
(i), with increased autocorrelation (ii), and increased system state fluctuations (iii). The simulations are done in
MATLAB, the axes units are arbitrary here for illustrative purposes.

explained here, but can be found in Scheffer et al. (2009). The model shown in the figure is the
same as the previous one, with the landscape approximated via the 15th-order Taylor expansion

of the differential equation.

It is important to note that, although critical slowing down is a very generic indicator for a lot of
critical transitions (catastrophic bifurcation is simply one type), there are exceptions in natural
systems (Scheffer et al., 2009). For instance, the previously discussed increased autocorrelation
and variance are based on the fact that the system is driven towards bifurcation at a moderate
speed (with changes in the underlying control parameter). However, it is possible that the system
suffers from a very huge perturbation with catastrophic outcomes where the system state cannot
return to the original attractor. Maturana et al. have demonstrated that this is a potential path
to epilepsy already (Maturana et al., 2020). Aside from critical slowing down, when the system
is under highly stochastic noise, the system dynamics could flicker towards another state (called
flickering) (Scheffer et al., 2012; Dakos et al., 2013). Flickering means that the system state
fluctuates back and forth between two states (due to large stochastic noise effects) until being

trapped stably in one of the states. Statistically, the same properties (increased autocorrelation
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and variance) still apply in such systems, as fundamentally, it is still a critical transition. The
general bifurcation theory is a huge topic that will not be covered here, but in principle, in
highly connected homogenous systems such as the brain, critical transitions are expected and

critical slowing down should be empirical indicators in those transitions (Scheffer et al., 2012).

Computation of EWS in brain EEG during falling asleep

The critical slowing down theories are mostly illustrated in simple and theoretical systems such
as the harvesting model used. In natural systems, the inferences about upcoming critical tran-
sitions could only be made by computing the early warning signals (such as autocorrelation
and variance) in the system’s time series observed. For example, in the harvesting system, the
actual time series that describes the system state could only be the resources biomass recorded
over time. Aside from autocorrelation and variance, there is a rich plethora of methodologies
that can be applied to help detect the tipping point in the time series for ‘early warning’ of the
upcoming bifurcations. For instance, the detrended fluctuation analysis (Peng et al., 1995), or
the model-based state space auto-regressive analysis (Ives and Dakos, 2012), see Dakos et al.
(2012) for a detailed review of all the methodologies. In this chapter, only autocorrelation and
variance were computed on the feature time series during falling asleep as they are the two most
solid and straightforward signs (Scheffer et al., 2009).

There are many challenges in using EWS to detect tipping points in empirical data and systems,
for instance, the statistical difficulty in determining the exact point of critical transition, and
the technical difficulties of different parameters and pre-processing of the data. Detecting falling
asleep could be more difficult due to the lack of ground truth in actual sleep onset transition
aside from the sleep stages, which are insufficient and inaccurate in both temporal resolution

and subjective experiences (Hermans et al., 2019). More discussions will follow after the results.

In this chapter, the main aim is to empirically demonstrate that critical slowing down exists in
the feature state space dynamics during the falling asleep transition at the group level, which
could be further extended to the prediction of the transition prior at the individual level. For
each participant, the evaluation of the EWSs was done on the sleep state variable time series s,
which was the variable that shows the bifurcation dynamics. Only 20 minutes before the sleep
onset was taken for this evaluation, based on the empirical observation that the brain dynamics
remained almost unchanged before this point, and it was sufficiently long to observe the increase
of autocorrelation and variance. The post-asleep period was removed here as it would confound
the final result. Before the actual computation, the participants were further filtered through,
to ensure good data quality in the last 20 minutes. As mentioned previously, artifactual epochs
will leave NaNs in the feature time series. Hence, the participants with more than 15 continuous
NaNs (45s continuous artifactual EEG data), with total artifactual epochs taking more than 10

percent of all, and with a falling period of shorter than 20 minutes, were excluded from further
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EWS analysis. After exclusion, there were in total N = 210 participants left for this analysis.
The two EWSs, autocorrelation and variance, were then evaluated on the 20-minute sleep state

variable time series s for each participant.

The implementation of EWS computation followed in general Dakos et al. (2012). Before the
evaluation, the missing values (NaNs) were interpolated using the median values of the samples
around it (median filtering). The evaluations of autocorrelation and variance were done in a
running-window approach with a window size of 5 minutes (100 feature time samples), with
gaps between windows the same as the feature time series intervals (3s). This means that when-
ever a new feature sample comes, the autocorrelation and variance would be evaluated again
in the current window. In each running window, the 5-minute feature time series were linearly
detrended (using MATLAB function detrend) and the residuals were taken for calculating au-
tocorrelation (using MATLAB function autocorr) and variance (using MATLAB function std).
This detrending is important to avoid spurious increases in autocorrelation and variance due to
changes in the mean values of the time series. After evaluations, there was an autocorrelation
and variance time series returned for each participant’s sleep state variable time series (which
are 5 minutes shorter due to the first running window). To statistically test whether the auto-
correlation and variance increased with time, the linear mixed effect (LME) model was used with
the EWSs as the response variable and time as the predictor. Random effects of the participant
were considered in the model, where time indexes were grouped by participant ID. The model
statistics were evaluated using the analysis of variance (ANOVA), where the coefficient and p-
value of the ‘Time’ variable would be indicative of whether the linear increase was significant
over time. The EWSs were also compared to sleep stages, where they were averaged across all
participants, and the changes were tested against the mean value of the first 3 minutes to see

at which timestamp they started to increase significantly.

4.3. Results

4.3.1. The brain EEG of falling asleep has a catastrophic bifurcation dynamic

I first examined the group-level change in the sleep state variable s(t), i.e., the instantaneous
Euclidean distance to sleep onset centroid. The result is shown in Figure 4.5a. Note that the s
time series was shifted downward to make the minimum value to be 0, and the time series was
smoothed in a moving-median window of size 20 data samples for better illustration. It reveals
that the distance to the sleep onset centroid does not monotonically decrease but instead drops
rapidly 10-12 minutes before the sleep onset, independent of the sleep onset latency (right-tailed
two-sample t-test to test with Bonferroni correction for multiple timestamps). The sharp drop

in the sleep state variable resembles a bifurcation dynamic. To directly test whether the change
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Figure 4.5: The dynamics of the sleep state variable can be described as a bifurcation process.
a. The group-averaged temporal dynamics of sleep state variable s, shown are mean + standard error of the
mean (s.e.m.) across 200 samples. The blue line is the theoretical model with parameters optimally fitted to the
empirical data. The horizontal lines show timestamps with a significant decrease compared to the mean values of
the first 10 minutes, using the right-tailed two-sample t-test, with a p-value threshold of 0.025 dividing the total
number of timestamps (for Bonferroni correction). The red vertical dashed line shows the sleep onset. b. The
magnitude changes of s (As) as a function of time. c. The kinetics energy potential (E = As®/2) as a function
of s. The blue line in this subplot is for visual illustration only but not from the model.

is a bifurcation dynamic, I examined whether the data can be described with a bifurcation
model (Equation (4.1)) with an assumption that the control parameter ¢ increases linearly (the
variable s was used without smoothing etc.). I set the initial condition of the system state x to
be the starting value of s (i.e., s at -60 min point) and the initial value of the control variable
c to 1. The other model parameters were then optimized to maximize the fit, resulting in the
following optimal parameters: r = 5.73, K = 4.73, h = 0.58, and m = 0.11. See Figure 4.3
for the theoretical diagrams of these parameters. Here, the m parameter is important since it
controls the rate by which the control parameter increases over time. The resulting bifurcation
model is shown in blue in Figure 4.5a. I found that the bifurcation model accurately describes
the dynamic of the sleep state variable with an R-squared of 0.94 and a root-mean-squared error
of 0.1.

Figure 4.5b shows the change in the first-order difference As of the sleep state variable, i.e., the
change in the distance to the sleep onset centroid per time step, corresponding to the velocity
towards sleep onset. It shows a sharp acceleration of the sleep state variable velocity just before

sleep onset.

Figure 4.5¢ plots E = As? /2 related to the kinetic energy of the sleep state variable as a function
of the sleep state variable. It demonstrates that the transition from wakefulness (s > 3) to sleep

(s = 0) requires overcoming an energy barrier with a peak at a Euclidian distance at s ~ 1.5.

These results demonstrate that the sleep state variable s (i.e., the distance to the sleep onset
centroid) does not change much till the bifurcation transition. Does the state variable x follow
the same dynamic? Figure 4.6a shows the change in the time derivative A% of the state variable,
i.e., the change in the feature space per time step, corresponding to the velocity at an arbitrary

direction. It reveals that the state variables decreased monotonically from about 20 minutes
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Figure 4.6: The dynamics of the feature state space variable. a. The temporal dynamics of the
absolute feature state space variable velocity ||AZ||. Shown are mean + s.e.m. across 200 samples. The horizontal
lines on top show the significant changes compared to the mean of the first 10 minutes, using a two-sided two-
sample t-test with a p-value threshold of 0.05 dividing the total number of timestamps. The red vertical dashed
line shows the sleep onset. b. The temporal changes of the alignment between the feature state space velocity
vector AZ and the vector towards sleep onset §. The insets show that when they are not aligned (orthogonal),
the alignment value will be around 0, while large values imply aligned directions.

before the sleep onset, independent of the sleep onset latency (right-tailed two-sample t-test to
test with p-value Bonferroni corrected). This result suggests that the first stage of falling asleep
transition is governed by fast movements in the feature state space (i.e., fast state variable) that
is not aligned with the trajectory to the sleep onset centroid (i.e., the orientation of the sleep
state vector). Before the sleep bifurcation, the movements in the feature state space slow down
(slowing of the sleep state variable) and gradually align with the trajectory to the sleep onset
centroid (i.e., the orientation of the sleep state vector), resulting in acceleration of the sleep
state variable. To directly test whether the sleep bifurcation is associated with an alignment of
the state variable velocity with the trajectory to the sleep onset centroid, I computed the dot

product between feature state space velocity vector AZ and the vector towards sleep onset s

AL -§

1]

Alignment = = ||AZ]| - cos b, (4.5)
where 6 is the angle between these two vectors. The change in the vector alignment is shown
in Figure 4.6b, confirming a sharp alignment at the sleep bifurcation. The result clearly shows
that, although the brain dynamics were still changing, they were not directed towards the sleep
onset until the very last moments of the transition, and the general dynamics of the brain were

slowing down.

Finally, to validate that the above results are not confounded by setting the time zero at sleep
onset, I repeated the analysis for half the period, where the s time series and |[|AZ]|| time series
was aligned to half of the falling asleep period for each participant and then averaged. The
results for the confounding checks can be seen in Appendix B.13. It can be seen clearly that no

nonlinear dynamics could be observed in both plots. Even though the statistics showed some
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Figure 4.7: The feature dynamic time series during the falling asleep transition from 60 minutes
before sleep onset to 10 minutes after. The feature values are globally z-score normalised and then normalised
to the sleep onset (red line, ¢ = 0), where colours show the z-score values. The 47 features are hierarchically
arranged based on their DTW distance with the dendrogram on the left side. Refer to Appendix B.15 for the list
of feature names in the hierarchical order. The vertical dashed red line shows the sleep onset.

significant changes compared to the first 10 minutes for s, the data was very noisy, and no clear
patterns could be observed. I further separated the participants into a fast group (less than
40 minutes sleep onset latency) and a slow group (more than 60 minutes latency), and showed
their sleep state variable dynamics. The group level sleep state variable s time series and ||AZ]|
time series were evaluated in the same bootstrapping way with a minimum sample number of
150 for these two groups and plotted together (see in Appendix B.14). It can be found that the
dynamics of the fast group followed the same path as that of the slow sleepers (although slightly
noisier), with no qualitative differences. This implies that the bifurcation dynamics during the

actual ‘transition’ are independent of the latency.

4.3.2. The key dynamical EEG features during falling asleep

After discovering that the changes in the brain EEG during the transition from wakefulness
to sleep involve a bifurcation dynamic in the feature state space, I aimed to identify the EEG

features that govern the bifurcation dynamic.

Figure 4.7 shows the time series of all the features (i.e., 47 features) with the feature values
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Figure 4.8: FPCA analysis in identifying key feature dynamic patterns and representative fea-
tures. FPCA analysis is done on feature time series from 60 minutes before sleep onset up to sleep onset. Two
functional principal components (FPC) are identified from the FPCA analysis, with FPC1 in (a) taking 96.03%
of the total variance, and FPC2 in (b) taking 3.32%. Each FPC is shown in both positive (FPC+, red line) and
negative (FPC-, dark blue line) directions relative to the mean of all feature time series (light blue line), with the
y-axis having arbitrary units. The ‘positive’ and ‘negative’ means ‘addition’ or ‘subtraction’ of the actual FPC
for the mean. For each FPC, the most representative features (both positive and negative) are selected based
on the similarity score (maximum and minimum), and shown on the right. For FPCI1, the most representative
features are the peak beta band frequency (bi) for positive and the total EEG spectrum power (bii) for negative.
For FPC2, the most representative features are the proportion of slower timescale fluctuations (di) for positive
and the peak theta band frequency (dii) for negative. The horizontal dashed red lines indicate a 0 feature value,
and the vertical dashed black lines indicate the sleep onset. See Appendix B.17 for similarity scores between the
two FPCs and all features, as well as detailed explanations of the selected features.

normalised to sleep onset as before. The features were arranged in a hierarchical order based

on their dynamical-time-warping distance (see methods), and neighbouring features with sim-
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ilar patterns. The feature names list arranged in the same hierarchical order can be found in
Appendix B.15. It shows that most of the features had constantly larger (lower) values but
monotonically decreased (increased) shortly before the sleep onset, i.e., at the sleep bifurcation.
In addition, a small subset of features had similar values as sleep onset apart from a local peak
shortly before sleep onset, at the sleep bifurcation. Linking back to the results and discussions
in Chapter 3, the features that had the burst type dynamics did not have good classification
accuracy because the changes happen transiently before sleep onset. To validate that the above
results are not confounded by setting time zero at sleep onset, I repeated the analysis for half
the period (i.e., from -60 to -30 minutes, setting -30 minutes as time zero) as before. The result,
which is reported in Appendix B.16, did not show clear patterns in the features’ time series
data.

To identify the most informative features, I deployed FPCA with the Ridge regularization to
the features’ time series prior to sleep onset, Figure 4.8. I found that the first functional prin-
cipal component (FPC1), explaining 96.03% of the total variance, captured the monotonically
decreased (increased), i.e., a dynamic similar to the sleep state space variable. To find the EEG
features that best represent FPC1, I evaluated the similarity score of all the features to FPC1
and extracted the features with the highest and lowest scores corresponding to positive + and
negative - directions (see methods). I found that FPC1 was best represented by the beta band
peak frequency feature and the total EEG spectrum power feature in the + and —directions
respectively, both with a similarity score of 1 (Figure 4.8b). These two features were found in
Chapter 3 to best distinguish sleep onset state from bedtime, together with alpha-to-beta band
ratio and the low-to-high band power ratio which also had high similarity scores to FPC1. In
fact, many features in Figure 4.7 with monotonically decreased (increased) shortly before the

sleep onset have a high similarity score to FPC1 (e.g., the power band features, entropy, etc.).

The second FPC (FPC2), explaining 3.33% of the total variance, captured the features with a
local peak shortly before sleep onset (Figure 4.8¢c). I found that FPC2 was best represented
by the theta-band peak frequency feature (-) (similarity score -0.77) and the proportion of
slower timescale fluctuations (4) (similarity score 1) (Figure 4.8d, see Appendix B.17 for feature
interpretation and al similarity scores). Specifically, before the bifurcation, there was a short
increase in the peak theta band frequency and a decrease in the proportion of slower timescale

fluctuations —implying a reduced predictability of the EEG signal.

The four features representing the FPCs, i.e., the beta band peak frequency, the total EEG
spectrum power, the theta-band peak frequency feature, and the proportion of slower timescale

fluctuations are later referred to as the ‘key dynamical features’.

I next examined the relationship between the key dynamical features. Figure 4.9 shows the
values of one key dynamical feature relative to another key dynamical feature (the four key

representative features corresponding to FPC1+ and FPC2+) over time. The nonlinear dynamic
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Figure 4.9: Transition dynamics in the 2D feature state space between each pair of the four
key dynamical features. For the four key dynamical features, there are six combinations in total (shown from
(a-f)), and the feature names are replaced by the FPC they represent. FPC1+: the peak beta band frequency;
FPC1-: the total EEG spectrum power; FPC2+: the proportion of slower timescale dynamics; FPC2-: the peak
theta band frequency. The colour shows the time, from 60 minutes before sleep onset to 10 minutes after. Each
point in the figure represents the median of the feature values in every 30s segment. The arrows show the median
direction vector from all data points of the current 30s segment to those in the next (with arrow length indicating
the magnitude of the vector), with the 1-minute sleep onset marked in red. The x and y-axis units are all z-score
normalised feature values showing relative changes to the sleep onset.

is evident in the accelerated change (small number of data points) at the sleep bifurcation. The
panels in Figure 4.9b-e show a classical catastrophic bifurcation (folded system state variables).
This further demonstrates that bifurcation dynamics observed in the sleep state variable were
well underpinned by FPC1 dynamics (the dominant pattern), while although FPC2 took only

a small variance, it is likely to represent the important control parameter of the system.

4.3.3. The key dynamical features govern the falling asleep bifurcation

I next aspire to identify the features that control the bifurcation dynamic of the sleep state
variable by examining the relationship between the key dynamical features and the control
parameter time series ¢ of the bifurcation model (i.e., ¢(t) = mt + 1 with m = 0.11, Figure
4.5a). Figure 4.10 shows the values of the key dynamical features relative to the values of the
bifurcation control variable. To quantify the level of similarity to the bifurcation control variable,
I computed the absolute similarity score and the dynamical-time-warping (DTW) distance (see

methods) between each key dynamic feature and the bifurcation control variable. The results
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Figure 4.10: The sleep state variable as a function of the four key dynamical features as control
parameters. The four key dynamical features are plotted against the s variable. (a), the peak beta band
frequency (FPC1+) as the control parameter; (b), the total EEG spectrum power (FPC1-); (c), the proportion
of slower timescale fluctuations (FPC2+); (d), the peak theta band frequency (FPC2-). The colour bar shows
the time from 60 minutes before sleep onset to 10 minutes after, with 1-minute sleep onset marked in red. The
feature values are z-score normalised to the sleep onset.

are summarized in Appendix B.18. T found that across the two assessment metrics, the peak
theta band frequency (FPC2-) had the strongest similarity to the control parameter time series,
which had the minimum DTW distance (7.03), and the second-highest similarity score (0.94).
The theta-to-alpha band power ratio had the highest absolute similarity score (0.96) but a
very large DTW distance (63.87). To further compare, the other three key dynamical features:
peak beta band frequency (DTW distance 14.21 and similarity score 0.86), total EEG spectrum
power (DTW distance 65.62 and similarity score 0.79), and the proportion of slower timescale
fluctuations (DTW distance 44 and similarity score 0.62). Across both metrics, these features

are inferior compared to the peak theta band frequency.
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Figure 4.11: Granger causal interactions between the four key feature dynamical features. The
four key dynamical features: the peak beta band frequency (FPC1+), the total EEG spectrum power (FPC1-),
the proportion of slower timescale fluctuations (FPC2+) and the peak theta band frequency (FPC2-). The arrows
indicate a significant Granger causality from one feature to another, using the Toda-Yamamoto approach with
a p-value threshold of 0.025 (corrected for two directions). The p-value table for all directions can be found in
Appendix B.19. The final VAR model has maximum integration 1, po = 5, and extra lags p1 = 4.

4.3.4. Causal interactions between the key dynamical features

After establishing the relationship between the key dynamical features and their relationship to
the bifurcation control parameter, I next aimed to explore whether there are causal interactions
between these features since causal interactions could help guide the development of modulation
strategies. I applied the Toda-Yamamoto approach of Granger causality to test pairwise causality
among the key dynamical features (see methods). The result is shown in Figure 4.11, with a
significant causality indicated as an arrow. It reveals a causal interaction from the total spectrum
power (FPC 1-) to the peak beta-band frequency (FPC 1+), a bi-directional causal interaction
between the peak beta-band frequency (FPC 1+4) and the peak theta band frequency (FPC 2-),
and causal interaction from the peak theta band frequency (FPC 2-) to the proportion of slower
timescale fluctuations (FPC 24). By looking at the p-values, it seems that the most significant
causal interaction was from the peak theta band frequency to the proportion of slower timescale
dynamics (within FPC2). In general, it shows that FPC1 causally affects FPC2, with a feedback

input as well from the peak theta band frequency.

4.3.5. Critical slowing down during falling asleep

For a system that is gradually pushed towards the bifurcation, critical slowing down can be
observed in its system state dynamics (see method section for detailed theory explanation). The
previous results built the bifurcation model under the assumption that the control parameter of
the sleeping brain linearly increases until the bifurcation happens and the brain goes into the
sleep state. Here, I aim to test whether the bifurcation dynamic of the brain EEG during the

falling asleep process shows a critical slowing down characteristic.

The last 20 minutes of the sleep state variable s was extracted, and the two early warning
signals (EWS), the autocorrelation and variance (standard deviation here, which is essentially
the same), were evaluated in a 5-minute running window on the s time series of each participant.

The group-level results (for N = 210 participants specifically selected; see methods section) are
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Figure 4.12: The critical slowing down dynamics in the sleep state variable during the falling
asleep transition. a. The group-averaged (across 210 participants selected) autocorrelation (ii) and standard
deviation (iii) evaluated on the last 20 minutes of the s time series for each participant. The shaded area shows the
standard error of the mean (s.e.m.) around the mean value (black line). The actual time starts from 15 minutes
before sleep onset due to the running window size (5 minutes). The average sleep stages (i) for these participants
are also plotted for comparison. Horizontal lines show significant increasing changes compared to the mean of the
first 3 minutes, using a left-tailed two-sample t-test to detect significant increases (for all three), with a p-value
threshold of 0.025. The vertical red dashed line shows the sleep onset. b. The autocorrelation (i) and standard
deviation (ii) are plotted against the averaged sleep state variable s time series, with colour showing time (from
15 minutes before sleep onset to 1 minute after sleep onset), and with the 1-minute sleep onset marked in red.

shown in Figure 4.12aii and aiii. Visually, there was a very clear and almost linear increase
in both autocorrelation and standard deviation throughout the last 15 minutes prior to the
transition. The LME models were fitted to test the linear relationship between time and these
two EWSs, with a random effect as the participant ID. For autocorrelation, the model had an
R-squared of 0.65. The linear coefficient between autocorrelation and time was 0.005 with a
p-value smaller than 0.0005 (F-stat 31.97). For standard deviation, the R-squared was 0.74,
with a linear coefficient of 0.01 and with p-value of 0.02 (F-stat 5.26), which was just below
the significance line. The statistics showed that both EWSs significantly increased with time
during the falling asleep transition. When compared to the sleep stages (Figure 4.12ai), it
was found that the autocorrelation started to increase significantly around 4 minutes earlier
than the sleep stages (see the horizontal lines in the figure). However, the standard deviation
did not increase significantly until the last 3 minutes before transition, which was also later
than the sleep stages. From the plots, it seems that the standard deviation had a much larger
variability as well. The autocorrelation and standard deviation are also plotted against the sleep
state variable s as shown in Figure 4.12b. The direct visualisation makes it obvious that even

before obvious system state shifts started in s, the increase of autocorrelation and variance had
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already started. The changes in the autocorrelation, but not the standard deviation, preceded
the changes in the sleep staging, highlighting the utility of this measure to monitor and predict

the falling asleep process.

To further validate that such an ‘increase’ is related to sleep onset transition specifically rather
than an artefact itself, a non-falling asleep transition period (still 20 minutes) was taken to
compare against the final transition period). Similarly, the participants were selected using the
same artifactual criterion, but now the participants were required to have a falling asleep period
longer than 50 minutes. This resulted in N = 118 participants left, and for each one, the s
variable time series between 50 to 30 minutes before sleep onset was taken for evaluation of the
EWSs. The same methods were used for evaluations, and the group-averaged results are shown
in Appendix B.20. The results illustrate that for this control period where no falling asleep
transition happened (the averaged sleep stages remain 0), there were no signs of increases in
autocorrelation and standard deviation at all. The LME model also did not show significance
in the time coefficients (p = 0.19, F-stat 1.66 for autocorrelation and p = 0.31, F-stat 1.05 for

standard deviation).

To explore the feasibility of using the EWS to predict the sleep bifurcation of individual subjects,
I examined the autocorrelation and standard deviation of the sleep state variable of a subset
of participants. The results of three exemplary participants are shown in Appendix B.21, with
the relevant description of the specific statistical methods used. The participant in Figure B.8a
showed a clear critical slowing down with a significant linear increase in both the autocorrelation
and variance (tested against surrogates). The participant in Figure B.8b showed a significant
increase in the variance but not the autocorrelation. The sleep state variable resembled a
flickering-like bifurcation dynamic (i.e., the system state fluctuates between two system states
until finally attracted by another state), which could explain the early plateau in the EWS.
implying that the transition could have started far before the sleep stage N2. The participant
in Figure B.8c did not have a significant increase in either of the parameters. However, there
was a local peak. Overall, the sleep state variable of individual recordings is noisy. The lack of

ground truth in the actual transition point made it hard to quantify.

4.4. Discussion

In this chapter, I constructed a dynamical systems framework based on a novel feature-based
EEG state-space analysis and demonstrated that the process of falling asleep can be modelled
and described as a catastrophic bifurcation. I showed that the sleep state variable (distance to
sleep onset) followed the bifurcation dynamics, while in the feature state space, the dynamic
changes were slowing down. I further showed the key feature dynamics underpinning this tran-

sition and identified specific bursting-type dynamics as the control parameter of the system.
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Using a Granger-causality-based analysis, I showed that there were causal interactions between
the different feature dimensions. Finally, I showed that critical slowing down dynamics can be

found during falling asleep transition, and showed its potential utility for tracking sleep onset.

4.4.1. The falling asleep transition can be described as a catastrophic bifurcation

To the best of my knowledge, this is the first empirical illustration of the bifurcation dynamics
of human EEG during the falling asleep transition, with all previous studies relying solely on
neurophysiological modelling. In general, it was shown that the global brain dynamics relative
to the sleep onset state exhibit a catastrophic bifurcation process at a group level. The actual
brain dynamics actively changed during the falling asleep process in the feature state space,
with a minor slowing down, but the dynamics did not move towards the sleep onset state until a
‘tipping point’, where a fast nonlinear ‘catastrophic’ state shift happens. The actual transition
process (catastrophic bifurcation dynamics) was independent of the latency from bedtime to

sleep onset.

This nonlinear process was also never reported in any quantitative EEG analysis previously.
The lack of empirical demonstration to date may be due to the difference in sample size, where
most studies to date analyzed cohorts that were smaller than 100 participants. A second reason
could be the shorter period of sleep onset that has been studied to date. Most studies either
only analyzed the very last few minutes before sleep onset (normally defined as the start of N2
or even N1) (Gennaro et al., 2005) or averaged across small segments of the sleep onset period
(Marzano et al., 2013). By focusing on the last few minutes these earlier studies might captured
the quasi-linear changes after the bifurcation tipping point. A third reason could be related to
the limited EEG feature bases (mostly power spectrum features) that were used in these studies.
By examining sufficiently long periods of the transition to sleep using a bootstrapping method
to account for differences in sleep latency and a comprehensive EEG feature base, this chapter

could reveal the true dynamic of the falling asleep process.

The ‘sleep onset period’ deserves a more detailed discussion here, as most studies define a
starting point for this period (for instance, the start of alpha trains (Ogilvie, 2001; Hori, 1985;
Guerrero and Achermann, 2019; Siclari et al., 2014)). Here, the sleep onset period is broken
out of this framework, which captures the entire period from bedtime to sleep onset. Looking
retrospectively, the participants in the MESA dataset had indeed a much longer latency from
bedtime to sleep onset than normal. When observing the actual dynamics, the participants’
brain dynamics strolled around for a long period before the actual transition started in around
the last 15 minutes. Previously in Chapter 3, there was an attempt to predict sleep onset latency
using the features. In hindsight with the results of this chapter, before the final transition process
(fast bifurcation), the brain dynamics showed very little changes for the features to be capable

of distinguishing well.
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By studying the specific feature dynamics underlying this process using FPCA, it was found
that there are two types of transition dynamics, with the dominant pattern showing exactly the
bifurcation dynamics, with a monotonic but nonlinear increase or decrease shift. The features
that best represented this dynamic pattern were the total EEG spectrum power and the peak
beta band frequency. As mentioned, these two features were also identified as key features
that distinguish between bedtime and sleep onset in Chapter 3. The other two key features,
the alpha-to-beta band ratio and the low-to-high band power ratio, also showed this dynamical
pattern and had a very high similarity score (-0.99 and -0.94, respectively). Previously, we only
knew that there was a key statistical difference, the results now can help better understand
the actual temporal dynamics of these features. The second dynamic pattern, with a burst of
change prior to sleep onset, was quite unexpected, but it represented the most important part of
this bifurcation process: the control parameter. Specifically, the two key dynamical features of
this pattern show that the key control parameter of this transition is an augmentation of theta
oscillations and faster-changing EEG dynamics. Recall that the peak theta band frequency was
one of the key distinguishing features identified in the Montreal dataset, but not the MESA. One
important potential factor that distinguishes these two datasets is the huge difference in the mean
actual sleep onset latency from bedtime to sleep onset (see Chapter 3 Discussion as well). Given
the results here, the reason could be that the bedtime states of participants from the Montreal
dataset were closer to the peak of the burst of changes (see Figure 4.8dii), and thus a decreasing
change of the peak theta band frequency could be observed compared to sleep onset. For the
MESA dataset, the bedtime states of the participants were much further away, and compared
to the sleep onset state, there was barely any difference in the peak theta band frequency (as
well as the other features showing the burst type dynamics). Looking independently, the burst
type changing pattern is counter-intuitive, but in the framework of the dynamical systems and
catastrophic bifurcation models, these features can be well described as the underpinning control
parameters of the system, where their gradual increase/decrease serves as a pre-requisite for the

transition to happen.

Linking to the previous point about the ‘falling asleep period’, this also means that if one cuts
short the period of observation by defining a starting point, this ‘burst’ pattern might never
be seen. This reversed change can also be thought of as an initial transition into a transient
‘pre-sleep’ state, where there is a continuous process of deactivation of the thalamus-cortical
connection (de-arousal) for the real transition to be prepared (Kinreich et al., 2014; Merica
and Fortune, 2004). From another perspective, it could be that the participants started from
a very heterogeneous bedtime state, and their brain dynamics started to align prior to the
‘ready transition’ pre-sleep stage for the bifurcation to happen. The augmentation of the theta
oscillations could also be related to hypnagogic mentation (a visual hallucination like a dream)

before sleep onset (Gorgoni et al., 2019).

Using Granger causality analysis, I showed that there were causal interactions among the EEG
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features that govern the bifurcation dynamics. It suggests that the sleep bifurcation dynamic
may start with an increase in the total spectrum power that causes a decrease in the peak beta-
band frequency that then causes an increase in the peak theta band frequency. The increase in
the peak theta band frequency causes a decrease in the slower timescale fluctuations but also
feedback to enhance the decrease in the beta-band frequency. The increase of the total EEG
spectrum power and the decrease of beta band frequency implies a slowing down of the brain
oscillations and the disappearance of high-level cognitive activities. Again, linking to previous
findings, the sleep initiation started from a gradual de-arousal process before the transition
into sleep (Merica and Fortune, 2004; Kinreich et al., 2014; Sulaman et al., 2023), consistent
with the direction of the causal interactions shown here. A gradual de-arousal can drive the
underpinning sleep control parameter (or sleep drives), which then leads to a bifurcation of the
sleep state transition. Overall, these results imply that the increase in the total EEG spectrum
power and the bi-directional interaction between the slowing of the beta-band frequency and
the acceleration of the theta-band frequency (i.e., between FPC1 and FPC2) present tangible

markers to monitor and manipulate the falling asleep process.

4.4.2. Using early warning signal (EWS) to predict sleep onset

At the end of the results, by quantifying the change in the autoregression and variance of the
sleep state variable (aka, early warning signals), I showed that the falling asleep bifurcation
involves critical slowing down. Yet, at the subject level, the sleep state variable was too noisy
to show convincing early warning signals. One reason is the high stochasticity in the individual
brain dynamics that is mitigated when averaging across participants. As shown previously, the
individual-level dynamics might be described by a different model or scenario (for instance,
the flickering pattern in Figure B.8bi). Another reason could be the fact that the sleep state
variable s combines all the features, with some of them showing no changes and adding noise
to it. Other reasons pertain to the complexity of the brain as a dynamical system (Stam, 2005)
and the limitations of the EEG that only partially captures cortical activities. There could be
better and more sensitive ways or features at the individual level to capture the falling asleep
bifurcation dynamic. In addition, the high stochasticity of the brain could result in an unstable
evaluation of the autocorrelation or variance, resulting in false positives (wrong warnings) (Dakos
et al., 2012).

There are also challenges in deploying EWS to predict sleep onset in real time. The first
challenge is the statistical difficulty in determining at which point the critical transition might
happen without the knowledge of the actual governing laws of the system. For instance, the
detection of the gradual increase of the autocorrelation might take a long time to observe, and
how to statistically demonstrate that the duration of this gradual increase is not a random

event (or significant enough) to imply upcoming bifurcation. The statistical method introduced
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in Appendix B.21 is not feasible for real-time computation due to its heavy computational
demands. A second challenge is the fact that computation of the sleep state variable requires
estimation of the sleep onset feature values. In a real-time scenario, this could only be achieved
by using group-level sleep onset feature data or using multiple night recordings from the same
individual with the assumption that such sleep onset is consistent within participants across
nights (which needs to be tested). Aside from these, there are also challenges in computing
the EWS, such as the pre-processing of the time series data (detrending), and the choice of
hyperparameters, such as the running window sizes for evaluating the EWSs and for statistical
testing, etc. (Dakos et al., 2012). There could be alternative approaches to detect upcoming
tipping points (Dakos et al., 2012), but deploying them to predict sleep onset requires much

more engineering effort.

The lack of a ground truth about whether the participant is transitioning to sleep or not renders
the development of detection strategies difficult. Similarly, it was reported that the success
of applying EWS in seizure detection is dependent on clear visualisation of the seizure onsets
(Maturana et al., 2020). In the case of sleep, the commonly used sleep staging has too poor
temporal resolution, as well as insufficient matching of subjective experience (Yang et al., 2010;
Rezaie et al., 2018). For example, in the participant in Figure B.8b, the transition occurred much
earlier than the detection in sleep staging (a potential false negative). This uncertainty could
also contribute to potential false positives, as sometimes spurious perturbations or stochasticity

could lead to surges in autocorrelation and variance.

The next step is to use a multi-night recording dataset and try to understand individual-level
brain dynamics during falling asleep. If there is consistency in the sleep onset state in the feature
state space, one can then build a personalised falling asleep dynamical systems model. With an
individualised model, one could potentially identify individual control parameters of the system
for tracking the tipping point. There could also be a personalised way to best capture the sleep
onset bifurcation dynamics (individualised s variable) and apply EWS analysis to detect sleep
onset in future unseen nights. In the meantime, there would be more explorations into the
engineering challenges of applying EWS in a real-time scenario, with deep learning models as
a new potential to detect upcoming tipping points (Bury et al., 2021). Although, one has to
be aware of the challenges in general. The most successful reference for us in neuroscience, the
prediction of epilepsy, is still in high controversy as to whether critical slowing down dynamics
do exist prior the the transition (Wilkat et al., 2019). The fundamental challenge would still
be the lack of in-depth understanding of the dynamical system in the brain, and the governing
laws behind it.
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4.4.3. General limitations and future directions

Similar to previous limitations, the feature base used could be further extended, to capture other
dimensions of brain activity and provide extra sensitivity to the dynamical changes. Although
additional features most likely will not change the qualitative patterns of the bifurcation dy-
namics, with only minor quantitative differences. In addition, the bifurcation dynamics were
observed on the global brain dynamics (averaged across all EEG channels), and there could be
distinct regional dynamics not captured here. More importantly, there could be inter-regional
interaction dynamics (how the interactions across the brain change) during the falling asleep
process (De Gennaro et al., 2001b). This will be further explored in Chapter 5.

The theoretical catastrophic bifurcation model used here is descriptive only, which provides an
intuitive understanding and framework to explore. Intuitively, the gradual accumulation of sleep
pressure (and the gradual inhibition of wake-promoting neuronal populations underlying) leading
to the global sleep state transition could be comparably thought of as the critical transition
arising from over-grazing in this model. Still, the fitted constant values in the model are hard
to explain and interpret in this falling asleep transition context. In the future, other simpler
descriptive models could be explored to describe the dynamics and could provide probably more
interpretation value. In addition, the assumption that the control parameter linearly increases
with time might not be true. One could reasonably doubt that the control parameter actually
changes in a nonlinear way as well (for instance, 2nd-order polynomials for the peak theta band

frequency dynamics), which could be potentially tested.

The dynamical properties identified in this chapter came from a feature time series evaluated
in 6 s EEG mini-epochs with 3 s intervals. These parameters were chosen assuming that EEG
signals are relatively stationary within a 6 s time range, and the feature dynamics were relatively
stationary within 3 s intervals. Changing it within a small acceptable range most likely will not
incur qualitative changes in the bifurcation dynamics observed. However, this could potentially
be important in EWS evaluations and capturing the critical slowing down dynamics (Dakos
et al., 2012; Thompson and Sieber, 2011), although it might be very difficult to systematically
test it.

From the insights of Chapter 3, one important future direction is to study how this temporal bi-
furcation dynamics change with age, which could provide significant insights into understanding
the sleep regulations in the elderly population. It could also aid in phenotyping and design-
ing a more targeted neuromodulation system to address sleep initiation problems in elderly
individuals. Similarly, other demographic factors could also be studied, for instance, cognitive
impairment. These factors are closely related to the wake-sleep regulations, and thus a detailed
exploration into them would be an important step to do next. In the meantime, a replication

of the results in another independent dataset would also be valuable to further consolidate the
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results. A quick exploration into the Montreal dataset can be found in Appendix B.22, where
there were no differences in the sleep state variable s between the healthy and MCI cohorts,

although the dynamics also clearly show the bifurcation pattern.

4.4.4. Implications

The bifurcation model of the brain EEG during the falling asleep process provides a uniform
governing law which generalises the changes of different EEG features (including those normally
used power band features), with mechanistic understanding insights. The provided dynamical
systems framework could also be impactful in changing the future quantification of the sleep
onset process. For instance, the identification of the system control parameters or the existence
of critical slowing down dynamics all provide immense opportunities for tracking the sleep onset
and modulating the sleep onset in a closed-loop system. This will be further explored in the

subject-level dynamics, and potentially being tested in a closed-loop neuromodulation paradigm.

Putting under a bigger scope, the falling asleep transition is just one of the many phase tran-
sitions in the brain. The direct reversed process of falling asleep is the waking-up transition.
Theoretically, and in most neurophysiological modelling, the transition to wakefulness is also
a bifurcation process, which follows a different transition path compared to falling asleep (the
hysteresis and sleep inertia discussed before). Studying the dynamics in empirical EEG data
could be extremely hard since the actual waking-up process is highly heterogeneous in its types
and functionalities (Haldsz et al., 2004). The waking-up transition dynamics have been explored
in Ilina’s Master’s thesis (Ilina, 2022) using the same feature-based approach, and it was shown
to be more complicated to study than the falling-asleep transition. For instance, waking up from
REM is most likely to be a natural process, but waking up from deep NREM sleep could be
an abrupt perturbation of a stable state, indicating external disruptions or potential diseases.
This dynamical system framework could be extended towards the waking-up transition, which
could provide more mechanistic insights, as well as build closed-loop intervention systems for
sleep fragmentation in elderly and dementia patients (Qian and Wong, 2022). In addition to
sleep, many other phase transitions occur in the brain, such as the well-studied seizure onset,
and high-level cognitive processing (attention) during cognitive tasks (Stam, 2005). These tran-
sitions could also be studied using the same conceptualisation, which has great potential to

quantify and mechanistically understand dynamic changes in the brain.



5. The regional and inter-regional brain dynam-
ics during falling asleep

5.1. Introduction

The previous two chapters extensively explored the EEG brain dynamics from bedtime to sleep
onset, but on a global level, with all brain areas (EEG electrodes) considered together. It is a
good and valid starting point, still, there has been a substantial amount of literature suggesting
that the falling asleep process is not a spatially uniform process across the brain (Guerrero and
Achermann, 2019; Gorgoni et al., 2019). Different brain areas might display a different temporal
EEG dynamic pattern during sleep onset transition (Gorgoni et al., 2021; Marzano et al., 2013),
due to the local neuronal networks and use-dependent sleep regulation patterns (Krueger et al.,
2008). For instance, it has been established that the slow wave activities (delta band oscillations)
start from frontal-medial regions and propagate to the entire cortex after (Tanaka et al., 2000;
Nir et al., 2011; Siclari et al., 2014; Gennaro et al., 2005). On the other hand, spindle activities
are more predominately a local event around the central-parietal cortex (Nir et al., 2011; Siclari
et al., 2014). The regional differences make the sleep initiation process (falling asleep process) a
very interesting transient state, with the mixing of both wakefulness and sleep state across the
cortex (an interesting name called fluid boundaries Sarasso et al. (2014)). See Chapter 1 for a
review of the ‘local sleep’ concept and the current findings of the regional EEG changes during

falling asleep.

Aside from the regional differences, the other important aspect during the falling asleep tran-
sition is the inter-regional interactions. For instance, one widely used method is the EEG
spectrum coherence analysis, to see the synchronisation between cortical regions (Morikawa
et al., 1997; Tanaka et al., 2000). Aside from the coherence analysis, Gennaro et al. used a
causality-inference method called directed transfer function (DTF) to detect causal couplings
and information flows, and found that there is an important role in the frontal region to syn-
chronise the global activity via information transfer (Gennaro et al., 2005). With the advances
in mathematical algorithms, there is a plethora of different linear or nonlinear methods for cap-

turing causal or non-directional EEG interactions (Sakkalis, 2011). As another example, Ferri et
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al. used a functional connectivity EEG metric called synchronisation likelihood and found that
the sleeping brain is closer to small-world network design (Ferri et al., 2007). Similarly, most of
the analyses are done as a statistical inference only constrained to the sleep stages, and there are
lots of other metrics not tested and analysed for the falling asleep brain dynamics. It would be
beneficial to put them together to compare and understand the most prominent inter-regional
interactional changes during the falling asleep process, which would provide further mechanis-
tic insights, and potential novel biomarkers with extra sensitivity outside the normal regional

dynamic features.

In this chapter, following the analysis of the previous two chapters, the regional cortical dy-
namics are explored. Firstly, I test the classification between bedtime and sleep onset on each
EEG channel, to identify the best informative channel for the brain dynamic differences. The
continuous regional brain dynamics during the falling asleep transition are explored as well, as
it would be interesting to see whether the same bifurcation dynamics pattern would still exist
in all locations. To study the inter-regional interactions, a comprehensive EEG relationship or
connectivity measurement feature base using different types of linear and nonlinear metrics is
first developed. I then use a feature category-wise classification to capture the most prominent
EEG interactional changes at sleep onset compared to bedtime and see if these features would
provide extra sensitivity. The continuous feature dynamics are then computed to see how dif-
ferent inter-regional features change during the falling asleep transition, with the same FPCA
analysis done to extract the key dynamical patterns and features. Finally, the key representative
regional and inter-regional feature dynamics are put together to study the causal interactions
between them, which will provide additional insights into the initiation process of sleep. The
analysis and methodologies in this chapter are explorative following the previous lines of re-
search, with most work done on the MESA dataset and some replications in the Montreal one

for the inter-regional features.

5.2. Methods

5.2.1. Analysis of regional differences

The regional EEG dynamics analysis followed the same approaches as in Chapter 3 for classi-
fication between bedtime and sleep onset. Basically, the same features were computed in the
same way, but now the features of the EEG mini-epochs from different channels were studied
independently. Recall that in the MESA dataset, EEG channels with a quality index smaller
than 4 were excluded, thus not all participants would have 3 channels complete. Therefore,
in the current analysis, only those participants with all 3 channels available were included in

the analysis, with a total of N = 408 participants included. In all later analyses, the three
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channels would be referred to as the cortical region they are measuring: Frontal (Fz-Cz), Poste-
rior (Cz-Oz) and Right-Central (C4-M1). This is an approximation to facilitate discussion and
interpretations. The same linear SVM classifier and hierarchical clustering were applied to the
data of each channel and identified the key features that distinguish between bedtime and sleep
onset state. The accuracy was also compared to the global accuracy as in Chapter 3. Note that
the feature values were still globally (all 3 channels together, bedtime and sleep onset combined)

Sigmoid normalised to [0,1] before running the analysis.

Similarly, the continuous feature dynamics followed the same approaches as in Chapter 4. Pre-
viously, the features from the 3 channels were averaged to get a ‘global’ representative feature
value. Here, the three channels were studied separately. For each channel, the group-averaged
sleep state variable s time series was extracted using the same bootstrapping technique with
200 samples per timestamp. The same bifurcation model as in Equation (4.1) was fitted to the
s time series traces of each channel, and the differences were compared. Note that the model
would start with the same assumption of a linear increase of the control parameter over time.
FPCA was applied to the feature dynamics of each channel to see the extracted key dynamical
patterns in each channel separately. The main aim was to learn the key dynamic patterns in

each channel, thus further analyses were not replicated.

5.2.2. Development of the feature base for quantifying inter-regional interactions and its

implementations

To study the inter-regional interactions between different cortical regions during the falling asleep
transition, I first set out to develop a representative interactional feature base. There have been
several studies done using different linkage metrics trying to understand the interactional changes
(see Introduction). Still, their interpretations are constrained within the linkage method they
used specifically, as different algorithms would estimate different aspects of the relationship
between the cortical regions. A more comprehensive feature base has been developed to capture
different types or aspects of EEG interactions during the process of falling asleep. It is important
to note that not all features in the feature base are ‘connectivity’ metrics, as connectivity is
a specific concept related to statistical dependency (functional connectivity) or causal links
(effective connectivity) between EEG time series (Sakkalis, 2011). There is one more type
of feature base called structural connectivity, which is only applicable in neuroimaging data
with great spatial resolution (e.g., fMRI), as EEG data does not provide information outside the
local cortical areas. Here, specifically, the features that assess relative band power ratios between
channels are not connectivity measures but are still essential in studying the transition dynamics
to capture relative EEG band oscillation changes. Therefore, the feature base developed is
called inter-regional interactional features in general. Of course, on the interpretation side,

the connectivity features themselves are ‘actions’ which quantify the linkages between regions,



Section 5.2 131

but those non-connectivity features (cross-channel band power ratios) are most likely driven by

underlying regional power-band changes.

The following section will introduce the complete list of inter-regional interactional features,
grouped into different categories, along with their computational details. Please refer to Ap-
pendix A.3 for the full list of feature categories. It is important to note that not all types of
features (especially connectivity features) can be included here, and only the most relevant and
significant features for sleep analysis have been selected and implemented. There are several
other toolboxes that contain comprehensive connectivity estimation methods, such as HERMES
(Niso et al., 2013), that serve as good references. However, direct use of these toolboxes may
result in poor transparency of computational details, and thus affect the interpretation of the
results. These toolboxes will only be used to assist with some of the algorithm implementa-
tions later on. The mathematics behind the features will be briefly introduced for intuitive

understanding purposes, where rigorous theories and proofs can be found in relevant references.

Correlation features

The most basic and straightforward metrics are the pair-wised correlation metrics. Given two
time series, the similarity between them can be easily measured via a Pearson linear correlation.
The correlation coefficient estimates a linear or monotonous dependence relationship between
the two signals. The correlation metric was evaluated using MATLAB function corr. The
input EEG data of two different channels was subdivided into several 1s segments, where the

correlation was evaluated between each pair of 1s segments and then averaged.

As a discrete time series, it would also be important to evaluate the cross-correlation or cross-
covariance between the two signals. The cross-correlation measures the similarity between signal
X and the time-shifted (lagged) version of Y. The output is the similarity or correlation strength
at different time lags. For cross-covariance, the only difference is that the covariance metrics will
first centre the mean of both signals to 0 (subtract the mean values respectively). The output
cross-correlation or covariance sequence will have a maximum value at lag 0 and decreases with
lags increasing. The most commonly used metric is the width (or the number of lags), where the
correlation or covariance value drops to half of the maximum (called half-width), which generally
provides a measurement of the time range where the signals are similar to each other. The cross-
correlation and covariance were evaluated using MATLAB function xcorr and xcov. Similarly,
the input EEG was divided into several 1s segments for evaluation, and then the half-width
values were averaged across all pairs of segments. These correlation features are non-directed,

and there is one feature for each pair of EEG channels.



132 Chapter 5. The regional and inter-regional brain dynamics during falling asleep

Cross-channel power band features

When it comes to the frequency domain, multiple measurements can be referenced from single-
channel analysis. Previously the power band ratios were evaluated on one channel EEG itself,
but now, one can evaluate the cross-channel band power ratios to see how different frequency
band activities change relative to each other. The same methodology for estimating the power
spectrum density was used as in 2.3.2. The input signals were first differentiated-filtered to
remove 1/f noise, and then Thompson’s multi-taper approach was used for power spectrum
estimation. The estimated spectrum was then normalised to the total power for each channel
separately. The normalised power ratio between the different frequency bands of the two EEG
channels was then computed and log-transformed. Since the spectrum was normalised to itself
prior to computing the ratios, this ratio should be interpreted as a ‘relative dominance’ of the
specific frequency band activities. For instance, a ratio larger than 1 between the Frontal delta
and Posterior delta implies the Frontal EEG has a larger delta activity compared to the total
spectrum activity, but the absolute delta power in the Frontal region might not be larger than
that of the Posterior. The same four frequency band definitions were used here (delta, theta,
alpha and beta). The cross-channel band power ratios are bi-directional features, where for each
pair of channels and frequency bands pair there are two independent features (ratio from X to

Y and vice versa).

Similarly, for the EEG signals from two different channels, the magnitude-squared coherence was
estimated between them to see the coherent oscillatory activity between them. The coherence
was calculated on 1s segments of the input EEG signals between channels and then averaged. To
get more sensitivity in the coherence in different beta frequency ranges, the beta band here was
further divided into betal (13-18Hz), beta2 (18-24Hz) and beta3 (24-30Hz). The coherence is
a non-directional measurement, where for each pair of channels and frequency bands pair there

is one feature.

Granger-causality-based features

Estimating causal interactions is an important component in studying EEG connectivities.
There are two types of most commonly used metrics coming from the theoretical basis of Granger
causality: the partial directed coherence (PDC) and the directed transfer function (DTF). They
are especially common in neuroscience to investigate the flow of information between different
brain regions. Based on the formation of a multi-variate vector autoregression (MVAR) model

(which is a multi-variate extension of the VAR model):

x(t) =Y Apx(t —r) +€(t), (5.1)

r=0
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where x(t) represents an N-dimensional data (e.g., multi-channel EEG signals), p denotes the
model order, A, denotes the coefficient matrix (N by N) for each time lag r, and €(¢) is the
error term. Each component in A, (denoted as a;;(r)) is the specific coefficient that indicates
the causal influence from x;(t—r) to x;(t). As the equation suggests, the MVAR model captures
how the past of the multi-variate data can predict the future (depending on the coefficients),
which is the basic definition of Granger causality. By taking the Fourier transform of A, into
A(f), the PDC can then be defined as:

PDC;i(f) = ) (5.2)

a;(f)a;(f)

where a;;(f) denotes the components of A(f), a;(f) denotes the entire j th column, and *
denotes the complex conjugate. The PDC;_,;(f) is then the Granger causality from jth channel
to ith in the frequency domain, but normalised to the entire outflow from jth channel. As
one can see, this normalised value ranges from 0 to 1. Still, in this multi-variate scenario, this
normalisation means that the strength of causal linkage between two channels can be affected
by adding more channels into the analysis (because they need to sum to 1), even though the

underlying dynamics do not change (Schelter et al., 2009).

The DTF, as its name, comes from the transfer function of the system by doing z-transform to
Equation (5.1) on the unit cycle: X(f) = H(f)E(f), where H(f) = (I — A(f))~! with I an
identity matrix of the same size as A(f), and E(f) is the Fourier transform of the noise term.
The normalised DTF is then defined as:

_ Hi;(f)
VI H () Hig ()

DTF; i(f) , (5.3)

where H;;(f) is the elements of H(f). DTF;_,;(f) is the normalised DTF from jth to ith channel
at different frequencies, whose values range from 0 to 1 as well. Specifically, it is important to
understand the fundamental differences between DTF and PDC, that DTF captures the causal
influence from jth to ith channel divided by the total inflow into ¢th channel, so it emphasizes
the sources that how the other channel is causally influencing this one. The mathematical
descriptions provided above are just for an intuitive understanding, rather than a rigorous
proof of theories behind them. The two metrics are complementary to each other. Gennaro
et al. used DTF and showed the anterior-to-posterior information transfer and synchronisation
process (Gennaro et al., 2004, 2005), which is an important reason that this feature is included

in the study here as a comparison.

The PDC and DTF are multi-variate approaches, where all EEG channels can be fitted into the
same model and quantified together. Both metrics were implemented using the Time-varying

EEG connectivity toolbox (Omidvarnia et al., 2011), which evaluated the two metrics in a time-
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varying approach using the Kalman filter. EEG signals from all channels were input to fit the
model, with DTF and PDC output as a 4-D matrix (N by N by Ny by T', where N is the
total number of channels, Ny is the number of frequency bins and 7" as the time resolution for
time-varying estimation). The final feature values took the sum of the desired frequency bands
averaged across time (for each pair of channels). Features were evaluated for the six frequency
bands: delta, theta, alpha, betal, beta2 and beta3 (see previous definitions) separately, with

both directions considered for each pair of channels.

Cross channel frequency couplings

The same phase-amplitude coupling (PAC) method was applied here, but to cross-channel EEG
data, to see if there would be such couplings across different cortical areas. Specifically, the PAC
can capture whether the phase of a lower frequency in one channel is coupled to the amplitude
envelope of a higher frequency in another channel. The same evaluation method for PAC was
applied here (see Section 2.3.2), with the only difference that here the phases and amplitudes
came from different EEG channels. The PAC feature is bi-directional, as for every channel pair,

each channel will provide either phase or amplitude.

PAC is a very basic method which quantifies one type of coupling. The cross-bispectrum is a
more comprehensive way to detect different types of cross-frequency couplings (specifically, the
quadratic phase-coupling) between EEG channels (Jirsa and Miiller, 2013; Kovach et al., 2018).
The EEG bispectrum features have been widely applied, and proven to be valuable biomarkers
for seizure prediction (Mahmoodian et al., 2019) or Alzheimer’s disease (Klepl et al., 2022).
Bispectrum analysis is a higher-order spectrum analysis (Swami et al., 1998), which computes

a 2D spectrum from the EEG signals of two channels:

Sxv (f1, f2) = (X (f1) - Y (f2) - Y (f1, f2))], (5.4)

where X (f1) and Y (f1) denotes the Fourier transform of two EEG signals x and y, (-) denotes
average. HEssentially, the output bispectrum Sxy has a directionality, indicating the coupling
from f; in signal x to fs in signal y. The existence of a quadratic phase coupling actually implies
a nonlinear underlying phenomenon (Swami et al., 1998). The cross-bispectrum analysis was
done using the Higher Order Spectral Analysis Toolbox (Swami et al., 1998) in MATLAB. The
spectrum was evaluated with a Rao-Gabr optimal window of 6 and a window size of 256 samples.
The coupling relationship (feature value) was then taken as the average spectrum values within
the relevant spectrum windows in the 2D bispectrum for the required frequency bands. Since
this feature is directional, therefore, for each pair of channels and frequency bands, there was a
cross-bispectrum estimated in both directions and, thus, two distinct feature outputs. For both
coupling features, there were four frequency bands considered: delta, theta, alpha and beta as

a whole.
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General synchronisation

In this category, I considered one feature called synchronisation likelihood (Stam and van Dijk,
2002). Synchronisation likelihood is based on the nonlinear dynamical system theory, which
measures the level of similarity for the two systems’ state space attractors (reconstructed from the
EEG time series using time-delayed embedding). As an easy interpretation outside maths terms,
it measures both linear or nonlinear dependences between the two signals, or more specifically,
the correlated structure of the underlying dynamical system governing their dynamics. The
core mathematics behind can be referred to in Stam and van Dijk (2002). Ferri et al. deployed
the synchronisation likelihood in EEG during sleep and showed that the sleeping brain shows a

small-world network property for better information processing (Ferri et al., 2007, 2008).

The synchronisation likelihood was evaluated using the HERMES toolbox (Niso et al., 2013).
The optimal time-delayed embedding parameters (embedding delay and dimension) were es-
timated using MATLAB function phaseSpaceReconstruction. The input EEG signals were
divided into several 1s segments for state-space reconstructions and then the estimation of the
synchronisation likelihood. This is a non-directed feature, and for each pair of EEG channels,

there is one feature value ranging from 0 to 1.

Information based metrics

With the development of information theory in recent years, a lot of novel algorithms have been
developed and widely applied in EEG time series analysis. One most commonly used metrics
is mutual information, which captures the statistical dependence between two EEG time series.
Briefly, by treating two different EEG time series as two different random variables, the mutual

information (MI) is evaluated as the shared entropy between them:
MI=I(X;Y)=H(X)-H(X|Y)=H(Y)-HY|X), (5.5)

where H(X) and H(Y') are the entropy estimated from EEG time series x and y, H(X|Y') and
H(Y|X) denote the conditional entropy (the entropy of one variable given the knowledge of the
other variable). An easy illustration is given in Figure 5.1a. As entropy is a measure of the level
of uncertainty in the data (estimated from the data distribution), the MI quantifies the shared
uncertainty between these two variables. When X and Y share the same data statistics, the MI
will be equivalent to the entropy of either one, implying that by knowing X, one can infer all the
statistical properties of Y. Notice that there are many different algorithms to estimate entropy
H from time series data. The simplest way is to estimate the probability distribution of the time
series samples directly from the data. There are other approaches, such as approximate entropy
(Pincus et al., 1991), which will not be further introduced here. MI has been applied to the EEG
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a Ml =1(X;Y) b H(Xy11) Future of X
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Figure 5.1: Visual illustration of the computation of mutual information (a) and transfer entropy
(b). H generally denotes entropy of the variable; I(X;Y’) denotes mutual information (MI) between X and Y;
H(X|Y) denotes entropy of X conditioned on Y (vice versa). In (b), X1., and Yi., denotes the past of X and
Y from time 1 to n, X,+1 denotes the one step future of X. I'(X,41;Y1:n|X1:n) denotes the mutual information
between X, 11 and Y1., but conditioned on the past of X as Xi.,, and this is the definition of transfer entropy
(TE) from Y to X. The meanings of the other denotations can be deduced accordingly.

time series to quantify the impaired connectivity functionality in Alzheimer’s patients (Jeong
et al., 2001) or quantifying sleepiness level (Melia et al., 2015). Ramanand et al. showed that

the MI between cortical regions increased from wakefulness to sleep (Ramanand et al., 2010).

By approximating the time series as a Markov process, the MI is further extended into another
metric called transfer entropy (TE) (Schreiber, 2000). TE is a directed metric indicating the
amount of information transferred from one channel to another. Figure 5.1b illustrates how TE
is evaluated:

TEy x = I(Xn+1; Yiin | X1:n), (5.6)

where I denotes the mutual information. As shown in the figure, TE is the shared information
between the future of X (as X,+1) and the past of Y (as Y7.,,), but conditioned on the past of X
itself (as X1.,). In non-mathematical terms, it means how well the information of the past of Y’
can predict the future of another channel X. One can easily find out that this is a very similar
definition to Granger causality, and actually, it has been shown that for Gaussian variables, TE
is equivalent to Granger causality (Barnett et al., 2009). TE has been demonstrated to be a
very powerful brain connectivity feature, which can well distinguish anaesthetic depth (Sanjari

et al., 2021) or detecting drowsiness levels (Huang et al., 2015).

Both MI and TE were implemented using the HERMES toolbox. The MI was evaluated by
dividing the input EEG signals into several 0.5s segments and then averaging the output values,
and the MI value was estimated using k-nearest neighbour distances (Kraskov et al., 2004) with
a minimum neighbour size as 4. To estimate TE, the EEG time series was firstly time delay
embedded (same as previous) to get the ‘past’ and ‘future’ sets and the same nearest neighbour
approach was used for evaluation. Note that TE is a directed feature, which means that for each

pair of channels, both directions were estimated.
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Limitations and future extensions

This feature base is sufficient to start with, but of course, there could be many other features
that can be added. For instance, in the correlation part, only linear correlation is considered,
but nonlinear metrics such as distance correlation could also be added. All of the features are
‘paired-wised’ metrics, and even though PDC and DTF consider all channels in the same model,
the returned metrics are between pairs only. One potential important addition in the future is the
higher-order interactions, which use one single metric to quantify the general network’s synergy
or redundancy level (called O-information and S-information) (Rosas et al., 2019). This one
value metric could be useful in providing novel insights into the brain functioning (Varley et al.,
2023; Gatica et al., 2021). In Ilina’s thesis that I supervised, these two information metrics have
been applied to the MESA dataset for an initial exploration, but essentially the result could be
constrained by the very limited number of channels available (only three) (Ilina, 2023). As in the
regional feature base, most parameters for the evaluation of features could only be fixed, where
actually, for a lot of these connectivity metrics, hyperparameter tuning could be important for
the sensitivity of the features. The specific algorithms chosen to evaluate the features could also
impact final results and feature interpretations (for example, entropy estimation). The other
limitation lies in the very limited EEG channels available in the MESA dataset itself. With
more EEG channels, one can get more spatial resolution and more complicated spatial-temporal
analytic approaches can be taken, for example, source locational analysis, although the number
of pair-wise connectivity features will become unscalable (which can also be resolved by graph

theory analysis).

5.2.3. The analysis of the inter-regional interaction dynamics

For the MESA dataset, as previously introduced, after the exclusion of participants with incom-
plete EEG channels, there were in total N = 408 participants left for analysis. Similarly, the
channels will be referred to as Frontal (Fz-Cz), Posterior (Cz-Oz) and Right-Central (C4-M1).
The acronym ‘R-Central’ will be used in most figures to denote 'Right-Central’. All feature
extractions were done on 6s EEG mini-epochs same as before. As described, the features were
evaluated between each pair of channels (and frequency pairs if applicable). Therefore, there
were in total 240 features: 3 features each for Pearson correlation, cross-correlation and cross-
covariance; 30 features for band power ratios and 21 features for coherence; 36 features for DTF
and PDC respectively; 36 for PAC and 60 for cross-bispectrum; 3 for synchronisation likelihood;
3 for MI and 6 for TE.

For the classification between bedtime and sleep onset, the same feature evaluation method
was applied as in Chapter 3 for bedtime and sleep onset state separately, but here the features

were not globally normalised after evaluation. The same linear SVM classifier was applied
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Figure 5.2: Illustration of feature type-wise hierarchical clustering approach. The average within-
type accuracy will be shown along with the feature type name. The correlation values on the left diagonal will be
the average within-type correlations between each other. The others will be average between-type correlations,
which will also be the distance criterion for hierarchical clustering between them.

with leave-one-out cross-validation. Given the main aim was to identify the most prominent
interactional changes, and for easier interpretation (as the feature space is much larger), a type-
wise classification and hierarchical clustering approach was taken (see Figure 5.2). For a given
feature type, the within-type correlation was evaluated as the average Pearson correlation value
between all possible pairs of features inside this type. Likewise, the between-type correlation
was the average Pearson correlation value between all possible pairs of features from each type.
This between-type correlation value was the distance criterion for hierarchical clustering (similar
to before, 1 minus the correlation value is the distance). The performance for each feature type
was the average classification accuracy of all the features in that type. There would be some
constraints, for instance, the features of the same type could be completely uncorrelated to each
other and have huge performance gaps. But as one will see, as an initial exploration, it could
already be informative in identifying key interactional changes. As this is a novel feature base,
it would be meaningful to replicate it in the Montreal dataset. Only healthy participants were
considered (in total N = 65 without any MCI patients), with three EEG channels taken for each
one: Fz, Cz and Pz (linked-ear reference). To facilitate discussion, in later analysis, they are
denoted as Frontal (Fz), Central (Cz) and Pariental (Pz). It is important to note that the big
differences in the EEG montages between these two datasets might make these two datasets not
really comparable. This is even more the case in connectivity features, and this will be further

discussed in the results.

As an initial exploration, the continuous feature state space analysis was done on a subset of
N = 197 participants who had longer than 60 minutes period from bedtime to sleep onset. The
same computational approach was applied as in Chapter 4, with feature time series computed

on 6s EEG mini-epochs and 3s intervals. Each feature was globally z-score normalised similarly
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(to the mean and standard deviation of all values from all timestamps of all participants). The
same bootstrapping technique was applied to get the group-averaged dynamics, but due to the
smaller N number here, the sample number for each timestamp was restricted to 150. The
sleep state variable s was evaluated in this 240-dimensional inter-regional feature space. There
were some features with extremely small standard deviation at the group level, which would
bias the results as a whole, therefore those features with a standard deviation smaller than
0.001 were excluded when calculating s. The same theoretical bifurcation model was used to
fit the interactional feature state space dynamics to see whether the dynamical pattern can be
described as the same model. FPCA analysis was applied to all the features’ time series to

extract key dynamic patterns and features.

5.2.4. Other statistical methods

For most between-group analyses, a double-sided two-sample t-test was applied (as the sample
number is sufficiently large), where the p-value threshold for significance will be specified when
the test is applied. The causality between the time series was done using the same Toda-
Yamamoto approach (see Chapter 4 Methods). There are some post hoc analyses which will be

introduced where applicable.

5.3. Results

5.3.1. The regional specific EEG dynamic features at sleep onset compared to bedtime

Previously in Chapter 3, the features from the 3 channels were taken as a whole to classify
between bedtime and sleep onset state. However, it could be that different channels provide
different information and have distinct sensitivity. To start with, the classification was done
again on each channel (region) separately for each feature, and compared to the global accuracy
(put them together to classify). The performance comparison for all 47 features can be seen in
Appendix B.23, with the four key governing features identified previously marked in red, and for
each feature, the best-performing region is marked in bold. It is obvious that, for all features,
there was one or more regions outperforming the global accuracy. For the four key features
specifically, it can be found that the best performance was either in the Posterior (for the low-
to-high frequency band power ratio and the total EEG spectrum power), or the Right-Central
(for the alpha-to-beta band power ratio and the peak beta band frequency). The Posterior
region had the highest average accuracy across all features (62.66%). The Right-Central had an
average of 61.53%, similar to the average global accuracy of 61.12%. The Frontal region had the

worst performance (average performance of 59.18%).
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Figure 5.3: Distribution of the accuracy differences for all features between the global and each
EEG region. Three regions are shown: Frontal (Fz-Cz channel), Posterior (Cz-Oz channel) and R-Central (an
acronym for Right-Central, C4-M1 channel). The one-sample t-test is done for the accuracy differences in each
channel separately (compared to 0). A double-sided two-sample t-test is done for comparisons between channels.
** indicates p < 0.005 for the test; *** for p < 0.0005; n.s. for non significance. Violins show the kernel density
plot (external shape), median values (white non-filled circle) and upper and lower 25% quantiles (grey bar).

The differences between the global accuracy and that of each region for all features are also
shown in Figure 5.3. The result further shows that the Frontal region had significantly worse
performance than the global (mean =+ st.d. -1.94 + 3.15), and was worse than the other two as
well. The Posterior had the best performance (1.54 + 3.13), and Right-Central had a similar
performance to the global (0.41 £ 3.0). The results illustrate that the Posterior region has the

best sensitivity in showing the key EEG dynamics differences between bedtime and sleep onset.

The four key governing features identified previously were done on the global level. The per-
formance difference between the regions implies that there could be region-specific key features
that provide better sensitivity, and other potential mechanistic insights. Therefore, the same
hierarchical clustering pipeline was applied to each region separately to extract the key features.
The result for the Posterior region is shown as an exemplary result in Figure 5.4. The features
listed in the same hierarchical order as in the figure can be found in the same Appendix. The
key features were selected based on the same criterion: the cluster centroids with a mean cluster
accuracy above 65%. It can be seen that the Posterior had four key features: a decrease in
the entropy, an increase of the alpha-to-beta band power ratio, the delta band peak frequency
and the low-to-high frequency band power ratio. Reflecting on the four key features identified
globally, the total EEG spectrum power was captured in the entropy’s cluster, while the peak
beta band frequency had only 61.88% accuracy (still as an independent cluster, though).
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Figure 5.4: Hierarchical clustering of the features that distinguish bedtime and sleep-onset in
the Posterior region (Cz-Oz channel). a. The top 40 features that best classify wakefulness (bedtime) and
sleep-onset are chosen and hierarchically clustered based on the absolute correlation coefficient with a clustering
threshold of 0.5. The features are re-arranged according to the clustering, with the dendrogram shown on the
left; Green box, outlines of a feature cluster; Blue square, central feature of a cluster; Red square, central feature
with mean classification accuracy in that cluster above 65% and chosen as a key governing feature. The Pearson
correlation coefficients between pairs of features are shown as the grey-scale colour bar. b. The distribution of
the four key features identified from (a): the entropy (i), the alpha-to-beta band ratio (ii), the peak delta band
frequency (iii), and the low-to-high frequency band power ratio (iv). Blue indicates bedtime, and red indicates
sleep onset.

The results for the other two regions can be referred to in Appendix B.24, along with all the
features interpretation. For the Frontal region, only 2 features satisfied the selection criterion,
the total EEG spectrum power and the peak beta band frequency (both increasing at sleep
onset). The low-to-high frequency band power ratio and the alpha-to-beta band power ratio
were also cluster centres, but their accuracies were bad. Interestingly, the entropy feature was
not the cluster centroid but the total EEG spectrum sum. For the Right-Central, there were 6
features: the low-to-high frequency band power ratio (increasing at sleep onset), the theta band
power (increasing), the peak delta band frequency (increasing), the auto mutual information
(decreasing), the total EEG spectrum power (increasing), and the proportion of slower timescale
dynamics (increasing). Interestingly, the theta band power was captured by the low-to-high
frequency band power in the other two regions as well as in the global case, but here it became
an independent cluster centre in the Right-Central. The auto mutual information feature did
not have good accuracy in the other two regions. The proportion of slower timescale dynamics

was previously captured inside the cluster of total EEG spectrum power for the Posterior and
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Figure 5.5: Classification accuracy between bedtime and sleep onset using a combination of the
key features from the 3 different regions in the MESA dataset. The features were input in a sequential
order based on their accuracies from high to low (regardless of region). The Red line shows the F-score, and the
blue line shows the accuracy. The error bar shows the mean 4 st.d. for 10-fold leave-one-out cross-validation.
The feature added at each step, and the stats for each step can be seen in Appendix B.25.

global. It became an independent cluster here but did not have good accuracy in the Frontal.
The key features from all these regions are listed along with their accuracies in Table 5.1, and
compared to the global accuracies. In general, there were some region-specific features that have

extra sensitivity, with the four key features identified previously showing up in different regions.

Table 5.1: List of all the key features selected from each region separately with their accuracies. The accuracies
for all 3 regions and global are shown for each feature, with ‘R-Central’ standing for Right-Central
(C4-M1 channel). The key features chosen specifically from each separate region are marked in bold

and red. The values shown are all in units percentage (%).

Feature name Frontal | Posterior R- Global
Central
Theta band power 67.84 77.16 77.78 74.10
Alpha to beta band ratio 64.44 67.84 72.03 69.39
Low to high frequency band power ratio 62.62 73.97 73.34 69.85
Peak delta band frequency 57.25 67.09 70.84 64.79
Peak beta band frequency 66.00 61.88 68.94 66.24
Auto mutual information 62.69 65.00 70.62 66.49
Total EEG spectrum power 69.84 73.16 72.47 72.54
Entropy 71.88 76.56 68.72 72.15
Proportion of slower timescale dynamics 58.72 65.91 68.97 63.76
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The key features’ performance was then compared for all these regions (channels). For the
Frontal, combining the two key features, the model could achieve 70.8% accuracy (F-score 0.70).
For the Posterior, the model combining the four key features could achieve 86.5% accuracy (F-
score 0.86), and for Right-Central, the model combining all six features could achieve 83.6% (F-
score 0.83). Recall from Chapter 3 that the four key features globally only achieved 80% accuracy
(F-score 0.8). The results clearly show as well that the Posterior had the best sensitivity in telling
the differences between bedtime and onset (with even 2 features less than Right-Central). If one
combines all the features from all the channels (in a sequential order of performance from high
to low), the model achieved 90.1% accuracy with F-score 0.90 (Figure 5.5, which is an impressive
performance already. It is also interesting to see that, the model performance already reached a
plateau after around the first 4 features input: the theta band power from the Right-Central, the
entropy from the Posterior, and the low-to-high frequency band power ratio from the Posterior
and Right-Central. The key information for this exploration is clear here, of course, the same
analysis can be replicated in the Montreal dataset, and there needs to be even more channels to

systematically disentangle which exact region could provide maybe even better sensitivity.

5.3.2. The region-specific bifurcation dynamics during falling asleep

Following the analysis, the region-specific continuous EEG dynamics during falling asleep were
explored. The same methods were applied to get the group-averaged sleep state variable s for
each channel separately (200 samples per timestamp). The results of all 3 channels are shown
in Figure 5.6a, with each channel having a right-tailed two-sample t-test at each timestamp
compared to the first 10 minutes of its own. The s time series was smoothed using a moving-
median filter of window size 20 (same as before). It can be seen that the Frontal region had
the smallest dynamic range (from 3 to 0), with the Posterior in the middle (3.5 to 0), and the
Right-Central area having the largest range (from 4 to 0). From the statistical tests, it can be
seen that Right-Central and Frontal had earlier decreasing changes compared to the Posterior.
When comparing each other, it can be found that the s dynamics in the Frontal region were
significantly different from that of Right-Central, but there were not many differences between
the other two pairs (Figure 5.6b). The kinetics energy plot for each region (Figure 5.6¢) shows
that the dynamics in the Frontal region required the least energy from one state to another.
This is also clear in the s dynamics showing distinct dynamic ranges. The same bifurcation
model could be fitted for the s dynamics of each region separately, which can be referred to in
Appendix B.26. In general, for each region, the s dynamics could all be well captured using the
catastrophic bifurcation model, with the R-squared for each region similar (0.928 for Frontal,
0.933 for Posterior, and 0.927 for Right-Central).

The feature dynamics for each region could be similarly evaluated, as shown in Appendix B.27.

As a brief overview of the results, the key dynamical patterns during falling asleep did not differ
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Figure 5.6: The sleep state variable dynamics in three regions separately, with the potential
analysis. a. The sleep state variable s dynamics from 60 minutes before sleep onset to 10 minutes after in 3
channels separately: Frontal in red, Posterior in black, and Right-Central in blue (denoted as R-central in plots).
Shown are the mean + standard error of the mean (s.e.m.) across 200 samples. The horizontal lines of each
respective colour show significant decreasing changes compared to the first 10 minutes of the dynamics of each
respective channel, using a right-tailed two-sample t-test at each timestamp, with the p-value threshold corrected
to be 0.05 dividing the total number of timestamps. The vertical red dashed line shows the sleep onset. b. The
same plot as (a), but now a double-sided two-sample t-test is done at each timestamp between every pair of the
three channels, with the p-value threshold corrected to be 0.05 dividing the total number of timestamps. ‘+’
shows significance between Frontal and Posterior; ‘o’ shows significance between Frontal and Right-Central; No
significance is found between Posterior and Right-Central. c. The kinetics energy potential (E = As®/2) as a
function of s for each channel separately (in respective colour).

from each other significantly. In the continuous feature dynamics plot, one obvious difference
would be that the Right-Central region had the most dramatic changes, especially in those
decreasing pattern features in the middle of the plots, as well as the first few increasing pattern
features just below them. This was also illustrated in the s dynamics previously, that the
Right-Central region had the largest dynamic changes (range). When comparing all of them to
the global dynamics in Figure 4.7, it seems that the global dynamics were most similar to the

Right-Central area, although here, the z-score ranges were slightly larger.

The FPCA analysis was applied to the feature dynamics of each region separately (Figure 5.7),
with the FPC similarity scores of each feature shown in Appendix B.27. For the Frontal region,
FPC1 explained 91.16% of the total variance, and FPC2 was 7.35%. For the Posterior region,
FPC1 explained 93.17% of the total variance and FPC2 5.79%; For the Right-Central region,
FPC1 explained 97.36% of the total variance and FPC2 1.77%. The FPCA results for the three
regions showed no qualitative difference, with simply trivial differences in the amount of variance
explained by the FPC1 or FPC2 patterns. In sum, all FPC1 patterns showed bifurcation-type
dynamics, with FPC2 showing a burst type of change as previously. The key representative
dynamic features were slightly different in each region. For the Frontal region, the FPC1 was
best represented by the total EEG spectrum sum and the entropy; FPC2 was best represented
by the delta-to-alpha band ratio and peak theta band frequency. Note that although peak
beta band frequency was not the most representative one for FPC1, it still had a similarity
score of -0.99. For the Posterior region, FPC1 was best represented by theta band power and
peak beta band frequency, while for FPC2, they were the delta-to-theta band ratio and the



Section 5.3 145

Frontal Posterior R-Central
a Functional principal component 1 b Functional principal component 1 c Functional principal component 1
1.0 1.0
1.04 by L
- —~ 05 —~ 054
=] 3 =]
s s s
) o 00 o 001
R 2 E
S 5, 05 € -os
@ 0.5 & &
= = =
-1.0 -1.0
-1.01 W
-60 50 -40 -3  -20 -10 0 -60 50 —40 -0 -2 -0 0 e o a0 30 20 1o 0
Functional principal component 2 Functional principal component 2 Functional principal component 2
2 2 2
—_ —_ —_ 1z
=] 1 S B S
ER s I
S o4 o 0 PR
° © °
2 2 2
E ‘e 1M T N
o -1 =) [
© © ©
= s s .,
-2
60  -50 -40  -30  -20  -10 0 -60  -s0  -40 -30  -20  -10 0 A 0
Time (min) Time (min) Time (min)

Figure 5.7: The FPCA analysis for the feature dynamics of the three different regions in the
MESA dataset. The three different regions: Frontal (a), Posterior (b) and Right-Central (c). The FPCA
analysis is done on the feature time series from 60 minutes before sleep onset to sleep onset (without the post-
sleep-onset period). For each functional principal component (FPC), shown are the negative (dark blue line) and
positive (red line) directions around the mean time series of all the features (light blue line). The y-axis has
arbitrary units. The ‘positive’ and ‘negative’ means ‘addition’ or ‘subtraction’ of the actual FPC to the mean.

temporal coherence in the theta band. Still, if one observes the FPC1 similarity scores to the
total EEG spectrum sum and the entropy feature (representative FPC1 features in the Frontal
region), they were also very high (-0.99 and 0.99 respectively). For the Right-Central region, the
FPC1 was best represented by the same two features as those of the Frontal, while for FPC2,
they were the delta-to-alpha band ratio (same as the Frontal) and the temporal coherence in
the theta band (same as the Posterior). It might seem quite confusing that so many different
features came out, but if one refers back to the similarity score results of the global dynamics
(Appendix Table B.14), one can directly see that all the FPC1 features from these 3 regions
(the total EEG spectrum power, the theta band power, the entropy and the peak beta band
frequency) were either already key representing features, or had a similarity score of either 1 or
-1 in the global dynamics already, which means that they are generally inter-changeable as the
key representative dynamic features. Similarly, for the FPC2, the temporal coherence in the
theta band had a score of -0.76 (just below that of -0.77 for peak theta band frequency), the
delta-to-theta (or alpha) band power ratio had a score of 0.94 (or 0.97), both very high as well.

5.3.3. The inter-regional interactions dynamics at sleep onset compared to bedtime

To study the inter-regional interaction differences between bedtime and sleep onset, the inter-
actional feature base developed previously was applied here (on the same participants with all

3 channels complete), and the feature type-wise hierarchical clustering was applied (see previ-
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Figure 5.8: Hierarchical clustering of the inter-regional interaction features (arranged in each
category) that distinguish bedtime and sleep-onset in the MEESA dataset. The feature type name,
along with the average accuracy, is shown on the left side. The average within-type correlation is shown on the
left diagonal, with the between-type correlation shown between each pair, and the correlation strength is shown as
the grey scale (colour bar at the bottom). The dendrogram is shown on the right side, with a clustering threshold
of 0.5. The green boxes show the feature types clustered together, and the blue boxes show cluster centres. The
selected key feature types are marked with red names and in red squares.

ous methods) to identify the most prominent interactional changes at sleep onset compared to
bedtime. For the 3 EEG channels, there were 240 interactional features in total, which were
then grouped into each type for analysis. The result can be seen in Figure 5.8. The key feature
types were selected as the cluster centroids with above 70% average within-type classification
accuracy. Obviously, in the figure, two feature types satisfied this criterion: the Pearson cor-
relation (71.2% average accuracy) and the transfer entropy (TE) (88.79% average accuracy).
It is not surprising to see that mutual information (MI) was highly correlated with TE, and
had a similarly good accuracy. It is interesting to see that the cross-channel phase-amplitude
coupling (PAC) and cross-correlation were clustered together, where both of them had a decent
accuracy as well. The other feature types did not show a good performance, but of course, some
of the feature types had very low within-category correlation (for instance, the coherence and
band power ratio features), and they could potentially be studied from within further for more

specific features inside that type.

For the specific two feature types (Pearson and TE), the distributions of the features within
them between all pairs of regions (channels) and directions are shown in Figure 5.9 and compared
between bedtime and sleep onset. It can be seen that the Frontal region had a decreased Pearson
correlation with either Posterior or Right-Central at sleep onset, while the correlation between

Right-central and Posterior increased significantly. For TE, it is interesting to see that all
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Figure 5.9: The distribution of the features in the two key inter-regional feature types at bedtime
and sleep-onset in the MESA dataset. All pairs of regions are shown in the figure. a. Pearson correlation
distribution at bedtime and sleep onset between different pairs of regions: (i) Frontal vs Posterior; (ii) Frontal vs
R-Central (stands for Right-Central); (iii) Posterior vs R-Central. (b). Transfer entropy distribution at bedtime
and sleep onset for all directions of regions: (i) Frontal to Posterior; (ii) Frontal to R-Central; (iii) Posterior to
R-Central. The reversed directions are shown in (iv-vi) respectively. The detailed statistics of all distributions
and two-sided two-sample t-test results between them can be found in Appendix B.28. Essentially, all p-values
are smaller than 0.0005 and thus not marked in the figure. Violins show the kernel density plot (external shape),
median values (white non-filled circle) and upper and lower 25% quantiles (grey bar).

directions of information flow increased dramatically. Combining all the 9 features in these two

types, the linear SVM model could achieve an accuracy of 91.7% (F-score 0.92).

Outside the feature types, normal hierarchical clustering was also applied to the top 60 features
selected from the 240 features (regardless of their types) to choose the specific governing features.
The results, along with the specific features chosen, can be found in Appendix B.24. In general,

there were four key governing interactional features that best capture the changes at sleep onset
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Figure 5.10: Hierarchical clustering of the inter-regional interaction features (arranged in each
category) that distinguish bedtime and sleep-onset in the Montreal dataset. The feature type name,
along with the average accuracy, is shown on the left side. The average within-type correlation is shown on the
left diagonal, with the between-type correlation shown between each pair, and the correlation strength is shown as
the grey scale (colour bar at the bottom). The dendrogram is shown on the right side, with a clustering threshold
of 0.5. The green boxes show the feature types clustered together, and the blue boxes show cluster centres. The
selected key feature types are marked in red names and red squares.

compared to bedtime: a decrease in the coupling between theta band phase of Posterior and
beta band amplitude of Right-Central, a decrease of the DTF at theta band from Right-Central
to Frontal, an increase of TE from Posterior to Frontal, and a decrease in the Pearson correlation
between Frontal and Right-Central. When observing the hierarchical clustering plot, it can be
found that all TE and MI features were still clustered together with high correlations between
each other, and as the distribution plots show, there was an increase of TE regardless of the
direction. Individual TE features all reached an accuracy of around 88%, which is impressive.
Similarly, a lot of the PAC features (or DTF and PDC features) were clustered together, and
represented by the specific ones described before. The Pearson correlation features became
an independent cluster. Combining all four features from this analysis, the linear SVM model
achieved an accuracy of 91.9% (F-score 0.92). The results also confirm that the type-wise feature
selection can well extract the most important interactional changes at sleep onset compared to
bedtime.

Given this is a new feature base, a replication in the Montreal dataset was done (only for healthy
participants). As specified before, there were 3 channels chosen for the Montreal dataset: Fz, Cz
and Pz, all with linked-ear reference, and they are denoted here as Frontal, Central and Parietal,

respectively. The feature type-wise hierarchical clustering results can be seen in Figure 5.10.
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Figure 5.11: The transfer entropy (TE) feature values distribution differences between bedtime
and sleep-onset in the Montreal dataset with 3 regions (Frontal Fz, Central Cz and Parietal Pz).
a. TE from Frontal to Central; b. TE from Frontal to Parietal; c. TE from Central to Parietal. The reversed
direction can be found in (d-f) respectively. Blue indicates bedtime, and red indicates sleep onset. A two-sided
two-sample t-test is applied between bedtime and sleep onset for each one of them, and all significant with
p < 0.0005. The full stats can be referred to in Appendix B.30. Violins show the kernel density plot (external
shape), median values (white non-filled circle) and upper and lower 25% quantiles (grey bar).

Based on the same criterion, only TE became the key feature type. Looking at the clustering
structures, it can be found that MI was uncorrelated with TE and had a very bad accuracy
(only 52.05%) on average in this dataset. Similarly, the Pearson correlation feature type only
had an average of 53.08% accuracy. The distributions of TE between all pairs of regions and
directions can be found in Figure 5.11. The same findings can be found that for all region pairs
and directions, there was a significant increase in information transfer (all p-values smaller than
0.0005).

The accuracy gap, as well as the big differences in the clustering structures between these two
datasets, is interesting. The most likely reason was the EEG referencing differences. Therefore,
an exploration test was then done by re-referencing the electrodes of the Montreal dataset similar
to that of the MESA dataset: Fz-Cz (Frontal region), Cz-Pz (Posterior region), and C4 (Right-
Central, linked ear referenced, however). The re-referencing was simply done by subtraction of
the two relevant channels, for example, Fz-Cz was derived by subtracting the Cz from the Fz
EEG signal. The same montage could not be achieved since there was no Oz channel in the
Montreal dataset, as well as that the original electrodes were linked-ear referenced. Therefore,
this was simply an explorative step trying to approximate that of the MESA to see whether

the differences could be somewhat explained by the montage. The results for the re-referenced
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Figure 5.12: The sleep state variable dynamics in the interactional feature state space. a. The
group-averaged temporal dynamics of sleep state variable s from 60 minutes before sleep onset to 10 minutes after,
shown are mean =+ standard error of the mean (s.e.m.) across 150 samples. The blue line is the theoretical model
from Equation (4.1) with parameters optimally fitted to the empirical data. The horizontal lines show timestamps
with a significant decrease compared to the mean values of the first 10 minutes, using the right-tailed two-sample
t-test, with a p-value threshold of 0.025 dividing the total number of timestamps (for Bonferroni correction). The
red vertical dashed line shows the sleep onset. b. The kinetics energy potential (E = As®/2) as a function of s.
The blue line in this subplot is for visual illustration only but not from the model.

Montreal data and comparisons to the previous results can be found in Appendix B.31. The
most straightforward observation is that now the accuracy for MI increased drastically from
52.05% to 77.69%, and it was clustered together with TE now. The re-referencing also had
a positive impact on the Pearson correlation measurements (around 8% increase in accuracy).
Some feature types would have negative impacts, for instance, the synchronisation likelihood
dropped by 8.20% in accuracy. The other features, including TE, could generally be concluded

to be robust to EEG montages, especially linked referencing.

5.3.4. The continuous inter-regional interaction dynamics during falling asleep transition

The same analysis approach was applied here to study the continuous inter-regional dynamic
changes during falling asleep. Firstly, the sleep state variable s time series was computed in this
interactional feature state space (240 features) using the same bootstrapping technique, with
150 samples at each timestamp. There were some features excluded due to very small standard
deviations (smaller than 0.001), which would bias the entire results. The s time series was
then smoothed using a moving-median filter with a window size of 20. The result is shown in
Figure 5.12, along with the potential analysis. The same bifurcation model was also fitted to
the interactional feature state space s dynamics (Figure 5.12a blue line), with the R-squared of
fit 0.940. The optimal model parameters: r = 54.69, K = 9.20, h = —1.24 and m = 2.27. It is
obvious that m, the increasing rate of the control parameter, was much larger than those fitted
to the regional dynamics. The larger dynamical range (from around 8 to 0) is also illustrated in

the much higher potential wall (energy required) from one state to another, where the energy
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Figure 5.13: Functional Principal component analysis (FPCA) for extracting key feature dy-
namical patterns for inter-regional features. FPCA analysis is done on the inter-regional feature dynamics
from 60 minutes before sleep onset up to sleep onset. Two functional principal components (FPC) are identified,
with FPC1 in (a) taking 95.55% of the total variance, and FPC2 in (b) taking 3.38%. Each FPC is shown in
both positive (FPC+, red line) and negative (FPC-, dark blue line) directions relative to the mean of all feature
time series (light blue line), with the y-axis having arbitrary units. The ‘positive’ and ‘negative’ means ‘addition’
or ‘subtraction’ of the actual FPC to the mean. For each FPC, the most representative features (both positive
and negative) are selected based on the similarity score (maximum and minimum), and shown on the right. For
FPC1, the most representative features are the transfer entropy from Posterior to Frontal (bi) for positive and the
DTF at theta band from Right-Central to Frontal (bii) for negative. For FPC2, the most representative features
are the ratio of delta power in Frontal to alpha power in Posterior (di) for positive and the DTF at alpha band
from Frontal to Posterior (dii) for negative. The horizontal dashed red lines indicate a 0 feature value, and the
vertical dashed black lines indicate the sleep onset.

magnitude is 1073 rather than 10~* previously (Figure 5.12b). This result illustrates that the
inter-regional interactional feature dynamics also follow the bifurcation dynamics during the

falling asleep transition.

Coming to the specific feature dynamics, the continuous feature time series for all the 240 features
(normalised to the 1-minute sleep onset) can be seen in Appendix B.32, arranged in a sequential
order. The feature space was very huge, therefore FPCA analysis was important here as a
dimensionality reduction to extract the key dynamical features. The FPCA results are shown in
Figure 5.13, along with the key representative dynamical features chosen based on the similarity
scores. Firstly, the FPC1 and FPC2 dynamics were still similar to all the other regional dynamics
observed before, where FPC1 (explains 95.55% of total variance) showed similar bifurcation
type dynamics and FPC2 (explains 3.38% of total variance) showed a burst type of change.

For FPC1, the representative features were the TE from Posterior to Frontal (similarity score
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1, positive), and the DTF at theta band from Right-Central to Frontal (similarity score -1,
negative). For FPC2, the representative features were the ratio of delta in Frontal to alpha in
Posterior (similarity score 1, positive), and the DTF at alpha band from Frontal to Posterior
(similarity score —0.92, negative). The two representative features for FPC1 were exactly the
same as the two identified previously from hierarchical clustering (outside the feature types, see
Appendix B.29). Many other features had a similarity score of 1 to FPC1 (see below), but for

FPC2, those two were the only representative ones.

It was previously observed that TE has significantly increased between all region pairs and di-
rections at sleep onset. The continuous feature dynamics of those TE features (see Appendix
Figure B.20) also all showed a monotonic nonlinear increasing pattern, and the similarity scores
between them and FPC1 were all 1 (see Appendix B.33), which means that they are interchange-
able for the representative dynamics of FPC1. The DTF features were also interesting, as both
FPC1 and FPC2 could be represented by some specific ones in it, although most DTF features
had a dynamical pattern similar to FPC1 (see the similarity scores table in the same Appendix).
When looking at the continuous dynamics of the DTF features as a whole (see Appendix Figure
B.21), it can be observed that there was a general increase of information outflow from Frontal
to Posterior and Right-Central during the falling asleep transition at especially low-frequency
bands (delta and theta), and while the reversed directions decreased. Interestingly, DTF had
both increasing and decreasing causal information flows while TE showed global information
transfer increasing (sharing or dependence). This is most likely because this normalised DTF
is a relative metric (to all the incoming information flows) when interpreting its changes. The
continuous dynamics are also shown for the cross-channel power band ratio features (Appendix
Figure B.22). As an overview of the results, it can be seen that the Frontal region had a much
larger delta and theta dominance compared to the Posterior and Right-Central regions before
sleep onset. The specific feature, the ratio of Frontal delta to Posterior alpha, was the best rep-
resentative feature of FPC2. From the plot, it seems that the ratios between the Frontal delta
to the alpha or beta activities in either Posterior or Right-Central showed the same pattern (a
burst of decreasing changes prior to sleep onset). As previously discussed, this cross-channel
band power ratio is not a connectivity feature, and its dynamics should reflect underlying power-
band dynamics in different regions. By looking at the specific dynamics of the Frontal delta and
the alpha in Posterior or Right-Central (see Appendix B.34), it seems that this burst of change in
these cross-channel band power ratios was governed by the Frontal delta activity (which showed
the same burst of reduction and then went up), while the alpha activity in both Posterior and
Right-central showed a monotonic increasing pattern. Note again that when interpreting these
features, it is important to know that the ‘band power’ here is a ratio itself normalised to the

total spectrum powers.
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Figure 5.14: Granger causal interactions between all pairs of regional and inter-regional FPC
dynamics. The FPC time series used are the FPC1 and FPC2 from the Frontal, Posterior, Right-Central regional
dynamics, and the Inter-regional interactional dynamics. The arrows indicate a significant Granger causality from
one feature to another, using the Toda-Yamamoto approach with a p-value threshold of 0.025 (corrected for two
directions). The p-value table for all directions can be found in Appendix B.35. The final VAR model has
maximum integration 1, optimal model order pp = 3, and extra lags p1 = 6.

5.3.5. A Granger-causality based framework between regional dynamics and inter-regional

interactions during falling asleep

Now given all these regional and inter-regional dynamics, I here aim to test how are these
different dynamic ‘movements’ linked to each other during the sleep initiation process. Therefore,
all the regional and inter-regional FPC time series were taken (to represent their key feature
dynamics), and the same Toda-Yamamoto approach (introduced in Chapter 4) was used to test
the Granger causality between the different pairs of FPC dynamics. The results are shown
in Figure 5.14, with significant causal effects shown in arrows. The results in sum show that,
the FPC2 Posterior was the source that caused the dynamic changes in all other regional and
inter-regional FPC2 dynamics, as well as the Right-central, Posterior and inter-regional FPC1
dynamics. The Frontal FPC1 dynamics had no causal interactions with any others. There was
an interesting loop inside, where the inter-regional FPC2 caused its own FPC1 changes, and
this inter-regional FPC1 caused the Posterior FPC1 dynamics, which in turn caused back to
the inter-regional FPC2 dynamics. Bringing the specific features into consideration, the results
imply that a burst of increase in the information transfer (DTF) in the alpha band from the
Frontal to the Posterior region, or the decrease burst in the Frontal delta power normalised
to the entire spectrum (the unique representative FPC2 dynamics for inter-regional features)
would cause a general increase in the brain’s information sharing (an increase in TE in almost
all regions directions). This increase in the general information sharing (for future prediction)
between regions caused the increase in total EEG spectrum power or the decrease in the peak
beta band frequency in the Posterior or Right-Central region, as a continuous de-arousal process.
This gradual de-arousal in the Posterior region was then fed back to enhance the Frontal-to-

Posterior information transfer and the dynamical changes in this enhancing loop led to the
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sleep onset. If one changes the representative features, there could be other different interesting
interpretations, but essentially, this self-enhancing loop of dynamics for synchronisation and de-

arousals, as well as Frontal-Posterior connections, shed light on novel insights for sleep initiation.

5.4. Discussion

5.4.1. The regional EEG brain dynamics during falling asleep change quantitatively but

not qualitatively

The regional EEG brain dynamics during the falling asleep transition were studied following
the routes of the previous two chapters. Firstly, it was found that different cortical regions do
have differences in the sensitivity to detect the EEG dynamics changes at sleep onset compared
to bedtime, with the Posterior region having the best performance. The Frontal region was
dragging down the global performance, and using only four features from the Posterior (the
entropy and the low-to-high frequency band power ratio) and Right-Central regions (the theta
band power and the low-to-high frequency band power ratio), one could already achieve around
90% accuracy which is much higher than the global performance using all features. Different
regions also had some different key features (although mostly captured on the global level),
which makes sense that originally, these different derivations were to capture different cortical
changes at different regions for sleep scoring purposes (Silber et al., 2007). Still, one has to be
careful when interpreting these results, as the number of EEG channels in the MESA dataset
fundamentally limited the cortical regions that could be studied. It could be further replicated in
other datasets with more EEG channels, to see which cortical region (as well as EEG derivations)
could have the most sensitivity in telling the differences at sleep onset compared to bedtime,

and potentially gain more insights.

When it comes to the continuous dynamic changes during the falling asleep transition, it can
be concluded that the global dynamics (combining all channels) can well represent the regional
dynamics. All three different regions showed bifurcation dynamics when observing the sleep
state variable s, with slight parameter differences. The Frontal region showed the smallest
dynamic changes and seemed to be much closer to the sleep onset state in the feature state
space prior to the transition. This is also illustrated in the specific regional feature dynamics,
that features in the Frontal region showed smaller changes compared to Posterior and especially
Right-Central. The results here could potentially explain the reasons that the Frontal region had
the worst classification accuracy between bedtime and sleep onset. This result also corresponds
well to the previous literature findings that Frontal regions have naturally more homeostasis
forces (and thus sleep pressure), and show the strongest slow-wave activities (implying that it

is closer to the sleep state). Despite these slight differences, the FPCA analysis showed great
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consistency, that almost the same feature set as from the global analysis can well represent the
key governing feature dynamic patterns in all three regions, as most of them have similarly high
similarity scores and were interchangeable for representing the dynamics. This implies that,
despite all the small quantitative changes in different regions, there is no qualitative change in
the underlying governing laws, and that the falling asleep transition is a bifurcation process
with the same driving parameters. This finding is consistent with the proposal from Merica and
Fortune (Merica and Fortune, 2003), that the shape of the time course during the falling asleep
transition is determined by underpinning brain stem controls, with site-dependent quantitative

differences controlled by the cortical-thalamic interactions.

In summary, the findings suggest that although different brain regions display quantitative vari-
ations, their dynamics are driven by global state transitions and can be described uniformly.
These quantitative differences might still be useful, though, for instance, the extra sensitivity
in the Posterior or Right-Central regions could better help sleep-onset tracking. The specific
regional dynamics could provide better value in detecting early warning signals or tipping points
prior to the transition, which could be a very interesting next step. The region-specific dynam-
ics could also be important in quantifying the paradoxical insomnia problem, as proposed by
Ramjford et al. (Stalesen Ramfjord et al., 2020), patients with insomnia potentially have more
specific regions with wakefulness patterns that cannot be detected using standard polysomnog-
raphy and sleep stages. This means that by applying the specific regional features or using
bifurcation models, one could identify regional transition patterns, for a better marker of sleep
states (instead of standard sleep staging or global patterns) or clinical diagnosis of different sleep

issues.

5.4.2. Sleep onset is hallmarked by a global increase of information transfer between regions

Using the developed interactional feature base, I studied inter-regional EEG dynamics that differ
the sleep onset states to bedtime, and it was found that transfer entropy (TE) was the most
important feature. Specifically, the TE increased at sleep onset in all directions, showing a

global increase in information transfer between regions.

Using a feature type-wise hierarchical clustering, there were two most prominent interactional
changes were identified: the Pearson correlation and the transfer entropy (TE). The Frontal
region had a decreased correlation to the other two regions at sleep onset, while the other two
regions became correlated with each other. Still, the Pearson correlation only quantifies a linear
relationship between the EEG data samples, which is very hard to interpret with regard to how
this correlation is linked to actual dynamics aside from a ‘signal similarity’. Therefore, it could
be used as a biomarker but without much mechanistic value. TE showed a significant increase
between all regions and all directions. This indicates a global-level information-sharing structure

emerging at sleep onset. Specifically, TE features all had a very good classification performance,



156 Chapter 5. The regional and inter-regional brain dynamics during falling asleep

with individual accuracies all above 88%, which is almost equivalent to the best performance
that can be achieved using regional EEG features. By combining TE and Pearson features,
the accuracies can reach 91.7%. The analyses here show the specific values of using the inter-
regional features, as they provide extra sensitivity to distinguish these two states even using just
one measurement from the brain, which could be a very powerful biomarker for detecting state

transitions.

The replication analysis in the Montreal dataset further showed that TE was the most prominent
interactional change at sleep onset compared to bedtime, with the same increasing pattern.
However, TE had a lower accuracy here, and the clustering structure was also significantly
changed, with the performance of some other features (MI and Pearson specifically) significantly
degraded. Aside from the other potential facts of the dataset differences (no MCI patients were
included), the most potential cause is the EEG montages. How the EEG electrodes are referenced
could indeed be an important factor affecting the connectivity evaluations (Chella et al., 2016;
Huang et al., 2017). For instance, it has been shown that the synchronisation likelihood works
best for linked-ear references (Stam and de Bruin, 2004). On the other hand, DTF was shown
to be agnostic to montage (Gennaro et al., 2005). The specific challenge could be that the bi-
polar EEG channels in the MESA datasets were already linked (Fz-Cz and Cz-Oz), which could
result in spurious statistical dependencies or correlations. By re-referencing the EEG data in the
Montreal dataset, it was indeed shown that MI had a drastic increase in performance (more than
25%), which could potentially be due to these linked EEG measurements. The synchronisation
likelihood had a lower accuracy (8%), which matched the previous findings that it works best
for linked-ear references (Stam and de Bruin, 2004; Ferri et al., 2007). The DTF was robust
to this re-referencing, which also matches the previous conclusion. It is interesting to see that
TE was also not affected. This makes sense in considering that, TE is a conditional mutual
information, where the information of the past of either X or Y will be excluded. This means
that even if X and Y have spurious statistical dependency (illustrated by the MI feature), it
will not affect the TE, as the shared information will be removed from evaluation anyway. Of
course, as a future step, the effects of EEG montages should be studied more rigorously, and
taken into consideration in the analysis. For instance, from hindsight, MI should have a different

interpretation or even be excluded in the bipolar montages.

There are limitations to this analysis. The feature type-wise hierarchical clustering was useful
in identifying the most prominent ‘type’ of interactional changes, but the averaged within-type
accuracy could not represent every specific feature in that type. By doing the hierarchical
clustering outside the feature types, it was shown that the general clustering structures are
preserved, where most of the features from the same type were still clustered together. There
were four features selected here, with one feature from each type (TE, Pearson, DTF and PAC)
representing most of the other features of the same type and with similar performances. TE

and Pearson’s features have already been identified before, with good within-type consistencies
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and performances. The other two types (DTF and PAC) did not have a good average accuracy,
but this analysis showed that there were subsets of them which could be useful as well in
distinguishing the two states. Specifically, the decreased coupling between the Posterior theta
phase and Right-Central beta amplitude captured a lot of other PAC features in its cluster, and
decreased DTF at the theta band from Right-Central to Frontal captured a lot of other DTF
features and some power band features. The general performance of the four features selected
here was not different from the previous. Therefore, as an initial exploration, this feature type-
wise hierarchical clustering was generally sufficient for identifying the most prominent type of
interactional changes that were also easy to interpret. But as a future step, one could delve
into each type specifically to identify the specific one within each type that could be useful for

distinguishing the two states, and gain more mechanistic insights potentially.

5.4.3. A Granger-causality based framework eluding to a self-enhancing loop between re-

gional and inter-regional dynamics during sleep initiation

It was found that the continuous inter-regional interaction feature state space dynamics could
also be described as a catastrophic bifurcation but with a much larger dynamical range than
regional dynamics (around doubled). This extra dynamical range was also consistent with the
binary classification results, that these inter-regional features showed extra sensitivity. The
FPCA analysis showed the same two types of governing dynamics, with FPC1 showing a bifur-
cation pattern, and FPC2 showing a burst of change prior to sleep onset and then returning.
For the representative features of FPC1, a lot of features were interchangeable, as the similarity
scores showed. All six TE features had similar bifurcation-type increasing patterns and similarity
scores of 1 to FPC1. Most of the DTF features also had bifurcation dynamics with a maximum
(or minimum) similarity score to FPC1, with most of them showing a relative increase of Frontal
to Posterior information flow in the low-frequency bands (or decrease in the reversed direction).
This result also matches the previous literature; for instance, Gennaro et al. concluded that
the frontal region leads the propagation of global synchronisation, especially in low-frequency
bands (Gennaro et al., 2004). Summarising them all, this means that the inter-regional FPC1
dynamics captured a global information transfer (dependence), with the Frontal to Posterior in-
formation flow growing larger than its reversed direction (recall again that the normalised DTF
is relative). The representative features for FPC2 were unique, with one very specific increasing
burst of alpha band information flow (DTF) from Frontal to Posterior, and another feature, the
ratio between Frontal delta and Posterior alpha activity (a non-connectivity feature), which was
demonstrated to be governed by the dynamics of the Frontal delta (the decreasing burst shape).
The decreasing burst of delta in the Frontal did not necessarily mean a disappearance of delta
rhythms but was more likely due to an increase in theta or alpha activities in the Frontal region,
as this was a normalised measurement of the entire spectrum. Of course, how these features are

related to the underpinning neurophysiological mechanisms behind the falling asleep transition
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is not clear here.

In summary, the initial exploration revealed significant changes in EEG interactions between
regions during the transition to sleep. These changes were most effectively captured through
Transfer Entropy (TE) and Directed Transfer Function (DTF) analyses, which examined the
connectivity dynamics between EEG signals in different brain regions. Notably, these methods
demonstrate greater sensitivity than traditional regional features. While these findings offer
valuable insights, there is still much to uncover for a whole picture to emerge. Specifically, there
needs to be a deeper understanding of how regional dynamics relate to each other and how
the interactional actions are linking the different cortical regions for sleep initiation. To address
this, a Granger causality analysis framework was proposed to examine the relationships between
different levels of EEG dynamics. These findings suggested an intriguing loop, with the DTF in
the alpha band from the Frontal to the Posterior (or the Frontal delta activity) acting as a driv-
ing force (or the control parameter) to generate a global cortical dependence, ultimately leading
to gradual Posterior de-arousal. This key interactional dynamic then appears to reinforce itself,
culminating in a global state transition indicative of sleep initiation. The importance of Frontal
regions for sleep initiation is clear, for instance, an examination of cross-channel power band
ratios reveals a Frontal low-frequency (delta and theta) dominance at bedtime, gradually dimin-
ishing during the process of falling asleep. This diminishing relative dominance is related to the
increased information flow at the low-frequency bands from the Frontal to the Posterior region,
which represents the spread of sleep pressure (Gennaro et al., 2005). The Frontal dominance of
low-frequency activities (relative to other regions) also matches the existing literature, indicating
that the Frontal region experiences a distinct activation input with more homeostasis pressure
(D’ Ambrosio et al., 2019), and has a larger sleep need (Ferrara et al., 2002). The burst increase
in the information transfer from the Frontal to the Posterior (the representative feature of inter-
regional FPC2 dynamics) corresponds to the shift from posterior to frontal alpha dominance
(see Section 1.3 for details). This framework further consolidates this pattern as a self-enhancing
loop with key initiation features. However, it is essential to acknowledge the primitive nature
of this framework, as several other complex causal components remain challenging to interpret,
such as the key driving sources of all dynamics from Posterior FPC2 in the causal diagram. The
limitations of the Granger causality methodology and the specific type of ‘causal’ relationship
(as predictability of future) it is capturing might also limit the general interpretations. There
could be many of other information inside the other detailed interactional feature dynamics as
well. The most challenging part could be the link from any of these regional dynamics and
inter-regional interaction changes to underlying neuronal mechanisms related to wake-sleep reg-
ulations. Specifically, the functional meanings of these interactional features (such as TE and
DTF) are also unclear. How is this information transfer or interactions in different frequency
bands observed in the EEG dynamics happening, and how are they related to underlying deeper

brain structure control inputs or cortical-cortical linkages such as frequency mixing? One future
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step, which is currently still in exploration, is frequency mixing as the fundamental mechanism
of such cortical synchronisation and ‘spread’ of information (Luff et al., 2023; Haufler and Paré,
2019). Relevant questions can also be asked for a more detailed causality test between different
interacting dynamics (such as power changes), or a more in-depth algorithm to evaluate TE in

different frequency bands or even oscillation phases.

5.4.4. General limitations and future directions

Aside from the interactional feature base, as mentioned, the very limited EEG channels available
in the MESA dataset did not provide many options. The EEG regions mentioned in the text are
also an approximation of the cortical region that is measured, due to the specific bi-polar montage
in the dataset. This could also be a constraint in actually interpreting these connectivity features,
as they could be a very rough estimation of the cortical connections. Of course, the ultimate
constraint lies in EEG itself, as it measures the underlying surface cortical activity as a whole,
which makes it difficult to pinpoint the exact sources of the signals, let alone the knowledge
of deeper brain interactions. There are methods such as dipole analysis or source locational
analysis to locate the EEG sources, but that normally requires high-density EEG data, with
complex factors and parameters to consider in the analysis to get sensible results (Eom, 2022).
Still, future work would involve datasets with more EEG channels and uniform references (thus
better spatial resolutions), and trying to incorporate other spatial analysis approaches such as the
graph theory (on the connectivity maps built on these interactional features), or spatial-temporal
analysis approaches such as dynamic mode decomposition (Brunton et al., 2016a). Compared
to previous work doing graph theoretical analysis on the falling asleep brain dynamics (Koenis
et al., 2013; Ferri et al., 2007; Vecchio et al., 2017), the comparative advantage here is the more
comprehensive feature base to construct the graph (network) based on different interactional

features.

There is much additional information that could be delved into for the analyses in this chapter,
for instance, the specific informative features that can distinguish bedtime and sleep onset
states or the other detailed feature time series dynamics that are not looked into due to the
large feature number. For the specific informative features, such as TE or DTF, there should

be a more in-depth study for the exact functional meaning of the critical information flow.

Many potential future actions have already been mentioned previously. One other important
step could be incorporating this comprehensive inter-regional feature base into the local features
framework, and studying them together. This novel feature base would then have both local
and spatial information captured and could be applied for more generalised biomarker research.
Similar to all previous chapters, the analysis could be expanded to ask specific questions, such
as demographic effects, or how different neurological diseases could impact the brain’s regional

and inter-regional dynamics.



6. Testing sleep onset augmentation via phase-
locked auditory stimulation

6.1. Introduction

In the previous chapters, I developed a strategy to track the transition from wakefulness to
sleep by unveiling the governing EEG dynamics and biomarkers to support the development of
closed-loop neuromodulation therapies. In this chapter, I aimed to use this knowledge to test

the feasibility of augmenting the falling asleep process using phase-locked auditory stimulation.

Earlier studies deploying auditory stimulation targeted at the up-phase of the slow-wave activity
reported improvement in the slow-wave activities and declarative memory performance compared
to sham (Ngo et al., 2013, 2015; Cox et al., 2014). Studies using open-loop audio stimulations
were reported (Forquer and Johnson, 2007; Messineo et al., 2017; Kawada and Suzuki, 1993;
Montgomery-Downs et al., 2010; Nasari et al., 2018). These studies used subjective sleep ques-
tionnaires or even just immobility periods to assess sleep, without EEG recording (see Chapter
1 for a review). Conceptually, the auditory stimulation phase locked to brain rhythms might be
able to promote sleep by inducing low-frequency oscillations, as has been demonstrated in other
sensory stimulations (Bayer et al., 2011) and slow-wave sleep examples. Earlier feasibility stud-
ies in our group found that auditory stimulation (pink noise sound) phase-locked to the trough
of the theta-band (4-8 Hz) recorded from Fz (mid-frontal region) in the eyes-closed increase the
low-to-high power ratio as well as the theta-to-alpha band power ratio, while peak stimulations

had the reversed effect (unpublished results), suggesting reduced vigilance.

The Frontal region plays an important role in sleep initiation, and the Frontal theta band
activity has also been shown as an important cognitive control of the global cognitive process
(Nigbur et al., 2011; Cavanagh and Frank, 2014). Theta band oscillations were also proven to
be important during sleep initiation, and as low-frequency activity, it is relatively easy to track
for real-time stimulation and more relevant to augmenting sleep onset (where the brain slows
down). A second study conducted by the lab systematically tested the effect of different phase
conditions (pre and post-peak 0°, pre- and post-trough 180°) of the theta band oscillation in the

160
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Frontal region (Fz channel) on the brain EEG. The experiment was conducted in an eyes-closed
resting state scenario, with one block for each phase condition, and each block containing 120
stimulation pulses with 1s inter-stimulation interval (in total 4 minutes for each block including
baselines). Using the four EEG biomarkers identified in Chapter 3 as the outcome measurements
(specifically, the alpha-to-beta band power ratio, the low-to-high frequency band power ratio,
peak beta band frequency and the total EEG spectrum power), it was found that at the group
level, post-peak stimulation was optimal in driving these features in the same direction as falling

asleep at the group level (unpublished).

These preliminary studies provided the rationales to test whether phase-locked auditory stimu-
lation can augment the falling asleep process. The need to do phase-locking and the closed-loop
stimulation paradigm was discussed in Section 2.6. The experiment used the auditory stimu-
lation phase-locked to the post-peak (72°) of the theta (5 Hz) oscillations (recorded from the
midline Frontal region). The experiment included a 15-minute day nap with either stimulation
or a sham. Specifically, the experiment will include cognitive tests before and after a 15-minute
nap. Short naps have been previously related to potential cognitive benefits such as verbal
memory performances (Tucker et al., 2006; Schmidt et al., 2006; Mednick et al., 2013), and this
positive value was correlated to the intensity of slow wave activities during the nap. Thus, the
experiment also tested the effect of cognitive tests, to see whether the auditory-augmented nap
could also improve cognitive performance. Further experimental designs are explained in detail
below. I declare here again that the experiment was co-designed by me and Dr. Edward Rhodes
in the lab. The data collection was done with the help of other Master’s students in the lab.

The data analyses presented belong to my authentic work.

6.2. Methods

6.2.1. Participants recruitment

The participant recruitment was done at Imperial College London (an opportunity sampling),
where most of the participants were current students or staff from the college. The participants
were screened to ensure that no presence of personal or family history of neurological disorders
or psychiatric illnesses, no current brain-related issues (such as migraine), and no implants in the
head. As this study will use auditory stimulation, the participants were ensured that they had
normal hearing. For the specific purpose of studying sleep onset, the participants were ensured
that they had no use of sleep-related drugs (especially to treat insomnia). All participants were
required to fill out a 7-day sleep diary before their test day, and participants with abnormal sleep
patterns or suspicion of sleep disorders were excluded. The study was approved by the Imperial

College Research Ethics Committee. All participants provided their written informed consent
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Figure 6.1: The entire experimental setup and procedure. Before the experimental visit, each partic-
ipant must have a 7-day sleep diary. On the day of the visit, the participant will first sign the consent form and
undergo a screening. Two sleep questionnaires will follow: the Epworth Sleepiness Scale (ESS) and the Pittsburg
Sleep Quality Index (PSQI), during which EEG set-up will be performed (approximately 20 minutes). The par-
ticipant will then undergo a series of tests, including the Delayed Free-Recall task (around 10 minutes pre-nap
and 2 minutes post-nap), auditory event-related potential (ERP) test (around 6 minutes both pre and post-nap),
resting state EEG recordings (around 5 minutes both pre and post-nap), a 15-minute nap, and the Face-Name
Association Task (FNAT) interleaved with Choice-Response Task (CRT) (around 40 minutes), in sequential order
as in the figure. All times shown are estimated to include preparation. The nap will be either control (no audio)
or audio condition (stimulation phase-locked to post-peak of the 5Hz theta band). The tests with concurrent
32-channel EEG recording are marked with ‘EEG’ in red text below. There will be two Karolinska Sleepiness
Scale (KSS) tests before and after nap. The entire visit would take approximately 150 minutes, including all
setup times, in an ideal scenario.

prior to participation and received monetary compensation for their participation. There are in
total N = 36 with complete data (17 for audio conditions and 19 for sham), with ages ranging
from 18 to 34 (mean + st.d. 23.03 £+ 2.97). Further demographic details and comparisons will

be shown in the results.

6.2.2. Experimental design

The experiment generally took a double-blind between-subjects design. Participants were ran-
domly streamed into two parallel experimental condition groups: audio (with auditory stimu-
lation phase-locked to the Fz 5 Hz theta band) or control (sham with no stimulation). Each
participant was randomly assigned to one of the two sites in the same building (‘Floor 7’ or
‘Floor 9’) and chose their arrival time as 11 a.m. or 2:30 p.m. There were many differences
between the two sites, such as ambient sound volume and temperature, therefore, the random as-
signments equally delivered participants to each location. For each visit, the experimental setup
and procedures can be seen in Figure 6.1. Each visit took approximately 150 minutes, as shown
in the figure, with a series of tests including subjective sleep metrics, behavioural measurements,
and the 15-minute nap with auditory stimulation or sham. From arrival, participants gave their
consent and underwent additional screening to ensure that inclusion criteria were met. Then,
the tests were done sequentially, as shown in the figure. The details of different tests and data

recordings (including EEG) will be introduced in the following.
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The subjective sleep metrics

The experiment had three subjective metrics: the Epworth Sleepiness Scale (ESS), the Pittsburg
Sleep Quality Index (PSQI), and the Karolinska Sleepiness Scale (KSS). ESS and PSQI were
performed at the beginning of the experiment after the participants had given their content.
These two tests have been introduced previously in Section 2.1 for the Montreal dataset. ESS
measures subjective sleepiness before testing, and PSQI measures subjective sleep quality in the
last month. The EEG set-up was done during this period (more details to follow). The KSS
(Shahid et al., 2012) measures the subjective sleepiness at the time of the test, with a scale
from 1 to 10 and 10 indicating the most sleepiness. The KSS was performed twice, once before
the nap (just prior to the first auditory event-related potential task) and once just after the
nap, so that the differences before and after the nap could be recorded and compared. The
questionnaires were done digitally on the laptop and then saved onto the local laptop after they

were finished.

The Delayed Free-Recall task

The design of the Delayed Free-Recall task can be found in Figure 6.2. The task was adapted
from Jacobs et al. (Jacobs et al., 2016), designed to probe verbal episodic memory. The task was
implemented in MATLAB using the Psychtoolbox (Kleiner et al., 2007). Basically, the task was
divided into two parts, one before the nap and one after. The pre-nap recall period contained
5 blocks and a full-list recall. For each block, the participants were presented with a list of 12
words (nouns only) to remember. Each word was on-screen for 1.6 seconds with a randomised
inter-stimulus interval of 800-1200 milliseconds (ms). The participants were allowed to speak
out the word when presented. After the entire word list had been presented, an 18-second
distractor task was performed, during which the participants were asked to determine whether
the sum on the screen was correct or incorrect. The distractor task was designed to prevent the
participants from constantly reciting the words in their minds. Finally, there was a 45-second
free recall period during which the participants verbally recited as many of the words they could
remember as possible. The five blocks resulted in a total of 60 words encoded. After all blocks
were completed, the participants had 90 seconds to speak out as many of those words they could
remember as possible as the pre-nap full-list recall. After the nap, the participants performed
a second free recall, where they tried to recite as many of the 60 encoded words as possible. As
with the pre-nap, they had 90 seconds to do so. The audio tracks for the recall periods were
recorded and saved on local laptops for researchers to mark their performance later. Prior to
the task, the participants were ensured to be seated at a 60cm distance from the monitor. The

Delayed Free-Recall task was performed without concurrent EEG recordings.
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Figure 6.2: The design of the Delayed Free-Recall task. a. The block design for the pre-nap delayed
free-recall. In each block (in total 5 blocks), there is a list of 12 nouns to encode. A simple 18-second mathematical
task is then presented as a distractor. Afterwards, the participant will be asked to recite as many words as they
can remember from the 12 words encoded previously in 45 seconds. b. After all five blocks, the participants are
asked to do a full-list recall (of the 60 words) in 90 seconds. c. The full-list recall is repeated after the nap.

The auditory event-related potential test and the resting-state EEG recordings

The auditory event-related potential (ERP) test was done to probe the hearing functions, during
which the participants were asked to count the number of audio clicks they heard as a mea-
surement of attention. The 3-minute resting-state EEG was recorded for additional purposes,
such as phenotyping of participants to predict auditory responses (more details will follow in
discussions). Both tests were done twice, before and after nap. The data from them will not be

analysed in this thesis. Therefore, they will not be further introduced in detail.

The nap period

The nap period lasted for 15 minutes, with an additional 20 seconds as baseline (no stimulation).
Prior to the nap, the participants were moved to a reclined chair and allowed to adjust their
position to their comfort. They were offered a blanket and an eye mask to make them feel
comfortable in a sleeping environment. Then, the lights are turned off and all researchers will
leave the room, leaving the participant alone quietly to sleep for this 15-minute period. The

participants were instructed to try to relax and fall asleep, but they were also assured that it did
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not matter even if they could not. The situations inside the room during the nap were monitored
by researchers outside, and the participants could call out if there were any emergencies. The
EEG cap was set up on the participants’ heads, with in-ear earphones worn before the nap
started.

The participant was either in the ‘control’ condition (no stimulation) or the ‘audio’ condition
(phase-locked auditory stimulation). This was blind to both researchers and participants, and
participants were instructed as ‘you may or may not hear a sound. To ensure blindness, the
codes for controlling the ecHT device for all participants were generated pseudo-randomly in
MATLAB and pre-saved on the hard drive for use during the experiment. The codes control
the output sound volume (0 decibels for control and 40 decibels for audio condition), and the
participants were instructed not to tell the researchers whether they heard a sound after the
nap. Prior to the nap, the setup was tested using a test code which delivered periodic audio
to the participants, to ensure that the audio output was normal, and the volume was the same
in both ears. Auditory stimulation was delivered using the ecHT device (see Methods Section
2.6). Specifically, the ecHT device would record the Fz-channel EEG signals, and estimate the
phases of the 5 Hz theta band oscillation in real time to deliver audio outputs. The stimulation
was delivered in 1-second trains, with each train containing five 6 ms pink noise pulses, and
each pulse was delivered in phase to the target post-peak (72°) of 5 Hz theta band oscillation.
The pulses were separated from each other by at least 130 ms, and each stimulation train had
1-second intervals between each other. The stimulation was delivered using audiometric in-ear
earphones with insulation from electrical noise. The sound volume was set at 40 decibels (dB),
which was not too loud to arouse the participants. Concurrent 32-channel EEG data were also
recorded during the nap. The detailed EEG setup will be introduced later. For the 20 s baseline,

there was no stimulation for both conditions.

The Face-Name Association Task (FNAT)

The Face-Name Association Task (FNAT) has been demonstrated to be a very sensitive mea-
surement of associative memory, which is largely dependent on regional hippocampal activity
(Zeineh et al., 2003) and relates to the amyloid-$ burden in the elderly population (Rentz et al.,
2011). The task was adjusted from that of Violante et al. (Violante et al., 2023). Basically, the
task was designed in MATLAB using the Psychotoolbox as well. All faces were collected from
the Chicago Face Database v.2.0.3 (Ma et al., 2015), with an equal number of males and females
and an equal amount of black and white faces. The names were collected from the Office for
National Statistics (Baby Names, England and Wales, 1996). The year 1996 was chosen as it
was the closest survey year to the mean age (28 years old) of the faces selected, and all names
had between 5 and 7 letters. Unisex names were removed from either the male or female list,

based on name frequency, to prevent duplication.
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Block Design (12 Blocks Total)
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Figure 6.3: Block design of the Face-Name Association Task (FNAT) interleaved with Choice
Response Task as a distractor between encode and recall period. During encoding, 16 combinations of
face and name will be shown to the participant, with each one presented for 2 seconds. The participants will then
do a 60-second Choice Response Task, during which they are asked to press left or right corresponding to the
directions shown on the screen. During recall, the encoded faces will be shown with five name choices, and the
participants need to make a decision within 8 seconds. The five names consist of the correct name, two distractors
(novel names not encoded) and two foils (names encoded to different faces). After making the choice, they will
be asked about their confidence level from 1 to 4 (most confident). This is repeated 12 times (12 blocks) in total,
with a total of 192 trials. Figure adapted from Violante et al. (2023) under Creative Commons Attribution 4.0
International License.

The task was designed to be interleaved with the Choice Response task, as shown in Figure 6.3.
Within each block of the task, there was an encoding and recall period, with a Choice Response
task in the middle. During the encoding period, a single face and name were presented to
participants for a duration of 2 seconds (16 combinations in total). The 16 unique faces consisted
of different ethnicities: 4 black females, 4 black males, 4 white females and 4 white males per
block; all with neutral facial expressions. After that, they were asked to do a 60-second Choice
Response Task (respond left or right in the direction of the arrow on the screen), as a distractor
to prevent them from constantly reciting in mind. The accuracy and response time of the Choice
Response Task could also be used as a probe of the attention level of the participant with time
passing. In the recall, the participant will be presented with the 16 faces encoded, with five
name choices for each face. The five names consist of one correct answer, two distractors (novel
names not encoded), and two foil names (names seen during encoding but correspond to different
faces). The choice must be made within 8 seconds, and after that, they were asked to make
a confidence-level judgement about their decision, on a scale of 1 to 4 (4 indicates the most
confidence). They had 3 seconds to choose their confidence level. There were in total 12 blocks
(192 trials), and the order of the blocks was kept constant across participants, but the order of
the face-name pairs was pseudo-randomised across participants, such that no more than three
faces of the same type appeared in a row. Concurrent EEG data were recorded throughout
the period of this task, with trigger connections between the task laptop and the recording
laptop, where there were trigger markers in the EEG simultaneously with the faces shown to
the participants. During the experiment, the 12 blocks were further divided into three sessions
with a short break between sessions, during which the EEG cap was checked and re-moisturised

(see below). Similarly, prior to the task, the participants were ensured to be seated at a 60cm
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Figure 6.4: The setup of the two EEG systems. (a) for phase-locking EEG system, and (b) for 32-
channel EEG recordings. The phase-locking EEG system records EEG at the Fz channel (green dot) to track
phases, with reference and ground both at the left mastoid (black). The red shows the earphones. The 32-channel
EEG system has ground at Fpz (red) and is referenced to FCz (blue). (a) was adapted from Sazgar and Young
(2019) with kind permission from the publisher Springer Nature.

distance from the monitor, where they could access a keyboard by hand to do the task and make
choices with the arrow keys and the space button. Normally, this task can be completed in 40

minutes, including all preparation time and EEG setup times.

EEG setup and recordings

There were two EEG systems for this experiment, one for the phase-locking system, and another
for 32-channel EEG recordings (Figure 6.4). The setup for the phase-locking EEG system is
shown in Figure 6.4a, where Fz channel EEG was recorded with ground and reference both at
the left mastoid. The ecHT phase-locking system computed the phases of the recorded EEG
in real time and delivered audio outputs to the participant. The electrodes were 1.5 millimetre
(mm) Ag/AgCl ring electrodes, glued to the clean scalp of the participant using a conductive
gel. The participants’ heads were cleansed with a cotton bulb using an alcohol solution and
conductive scrub prior to attaching all electrodes. The electrodes were further covered with
gauze to fix them, as well as to separate them from the cap above (see below). The ecHT EEG

system has a sampling rate of 1000 Hz.

The 32-channel EEG system used saltwater sponge-based R-Net caps (Brain Products GmBH,
Germany). The sponge electrodes of the cap have Ag/AgCl sensors inside. There are four
different sizes of caps to use according to the head circumference of the participant (55 cm, 57
cm, 59 cm, and 61 cm, cm stands for centimetre). To set up the cap, the jug provided was
filled with 2 litres of distilled water at normal room temperature, and 2 spoons of granular

KCL (around 11 g) was added to the water to create the saline solution, with a little bit of
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baby shampoo (Johnson & Johnson). The cap was then soaked in the solution for 15 minutes
before application to the participants (or 30 minutes if the cap was never used before). These
caps are extremely quick to apply compared to other EEG caps, but there are limitations. For
example, they typically function at a much higher impedance range (30-150 kOhm). Also, the
conductivity of the electrodes is mostly dependent on the saline solution rather than the gels,
and when dried out, they will have a much higher impedance level and lower signal quality.
Therefore, the cap required constant impedance checks (after every task), and they were re-
moisturised using the saline solution, to ensure that the impedances were smaller than 50 kOhm
prior to any task recordings. After use, the cap was cleaned and washed with a baby shampoo
solution, and then naturally dried. There are 32 EEG channels recorded using the cap (listed
from Frontal to Posterior): Fpl, Fp2, Fz, F3, F4, F7, F8, F9, F10, FC1, FC2, FC5, FC6, Cz,
C3, C4, T7, T8, CP1, CP2, CP5, CP6, Pz, P3, P4, P7, P8, P9, P10, Oz, O1 and O2 (all 10-20
system based; see also the figure). In general, ‘F’ denotes the Frontal region, ‘C’ denotes the
Central, capitalised ‘P’ denotes the Posterior, ‘I’ denotes the Temporal, and ‘O’ denotes the
Occipital. The common ground is Fpz (the very front one), and the reference electrode is FCz.
The EEG signals are amplified using the shielded Brain Amp MR+ amplifier (Brain Products
GmBH, Germany), with a digitalisation of 1000 Hz (sampling frequency), and a 16-bit A/D
converter. Notice that the EEG system is also connected to task laptops to get triggers of

events (such as the presence of a stimulus).

The EEG preparation and setup were done prior to all tasks (see Figure 6.1). Tasks with
EEG recordings are also shown in the figure. Since the main aim of the phase-locking system
was to deliver audio outputs, during the FNAT task, only the 32-channel cap was actively
recording data, with the phase-locking system disconnected. The two systems overlapped at
the Fz location. To ensure the phase-locking, the Fz electrode of the cap was actually ‘floating’
above the phase-locking system one, not recording anything. The Fz signal of the cap was later

interpolated (see Data analysis).

6.2.3. Data analysis
Data cleaning and pre-processing

First, the data for all participants were checked through, and participants with missing data
were excluded. The demographic data were then digitalised and loaded into MATLAB. The
ESS scores were the sum of all the question scores in the questionnaire (maximum score 24, in-
dicating highest sleepiness), and the PSQI was scored according to its normal scoring standard
(Buysse et al., 1989), with the final score as the sum of the scores for all seven components
(maximum score 21, indicating the worst sleep quality). After checking the demographical and

sleep questionnaires, there was a participant with an extreme value of the ESS score, therefore



Section 6.2 169

excluded from further analysis. Two participants were further removed due to technical issues
in the phase-locking system (auditory stimulation was not phase-locked). Two left-handed par-
ticipants were excluded as outliers. There are in total N = 36 participants with complete data
for later analyses. The demographic details of the included participants will be shown in the

results, and the statistical methods used will be introduced where applied.

The audio tracks for the recall periods of the Delayed Free-Recall task were listened to by three
researchers independently. The words heard for each recall period were transcribed and listed
down, and the majority were taken if there were conflicts. By matching the lists to the actual
word list encoded, one can get the many different metrics straight away, for instance, the number
of words or the percentage of words correctly recalled. The pre-nap and post-nap recall can also

be compared using the data.

The FNAT task results were recorded by MATLAB after the task and saved on the local lap-
top. The results for all participants were combined into one ‘CSV’ file, with all trials from all
participants concatenated altogether. For each trial, there would be a record of response time
(RT), the answer chosen (Target or accurate name, foil, or distractor), the confidence level for
that trial, and the corresponding block ID and subject ID of that trial. The result analysis was

done using R Version 3.6.3 via RStudio, further analysis methods and details will follow below.

The one-channel EEG data for the ecHT phase-locking system was saved as CSV files, loaded
into MATLAB, aligned to the auditory markers (audio stimulation trigger markers), and then
saved for further analysis. Most of the analyses later are done on the 32-channel EEG data. The
data was loaded into MATLAB and pre-processed using the FieldTrip toolbox (Oostenveld et al.,
2010). Firstly, the missing Fz channel in the data was interpolated using the ft_channelrepair
function with spline methods. The P9 and P10 channels were also re-interpolated as both
channels are on the very edge of the cap, which had very bad contact with the scalp in general.
The P9 channel was also situated very close to the ground and reference electrodes of the phase-
locking ecHT system. After that, signals from all channels were bandpass filtered to [0.5,100] Hz
to remove the DC component as well as high-frequency noises, using a 2nd-order Butterworth
zero-phase filter (MATLAB function filtfilt). A 50 Hz notch filter was applied to suppress
the line noise. The EEG data was then average referenced to all channels. To further remove
EEG artefacts, an adaptive mixture of independent component analysis (Palmer et al., 2012)
was applied to reject artifactual components from the signals, which was effective in excluding
blink and muscle artefacts from the EEG signals. The 32-channel EEG signals were also aligned
to the auditory markers prior to further analysis. The EEG signal for every task (nap period,
auditory ERP, resting state and FNAT task) was loaded and pre-processed in the same way,
and saved separately. Note again that for both EEG systems, the sampling rate was 1000 Hz.
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Analysis on phase-locking accuracy

Phase-locking accuracy is important to ensure that the right phase is targeted for the desired
stimulation outcomes. The phases of the EEG signal at the desired frequency band were com-
puted using the ecHT algorithm to ensure the same causal phase estimations. It was also shown
that non-causal computation of the phases could cause biases and information leakage (Vinao-
Carl et al., 2023). The target frequency was 5 Hz, therefore, the ecHT algorithm causally
bandpass filtered the EEG signal between 3.75 Hz and 6.25 Hz, using a 2nd-order Butterworth
filter. The filtering was done in the frequency domain, where the signal was firstly Fourier trans-
formed, and then multiplied by the coefficients of the filter’s impulse response, and an inverse
Fourier transform was applied to get the filtered signal. The phases of the bandpass-filtered
signal were then estimated using the Hilbert transform (the angles of the analytic signal). Using
the audio markers in the signal, the phases at which the audio signal was delivered can then be
extracted. The phase-locking accuracy and statistics of the phase distribution were then anal-
ysed using the CircStat toolbox in MATLAB (Berens, 2009). Basically, the phase resultant was
computed to show how uniform the phase distribution was. The phase resultant ranges from 0
to 1, where 1 indicates that all phases are perfectly aligned (in a circular plot), indicating a good
phase-locking. Rayleigh’s test was also applied to test whether there is significant uniformity
of the phase distribution. The same analysis can be done for every EEG channel to see the
distribution of phases at which the stimulation was delivered. The phase-locking analysis was

only done for nap-period EEG and for participants with audio stimulation.

Sleep staging for the nap period

Given the time limit, the sleep staging was currently done using an automatic Artificial Intelligence-
based model called U-Sleep (Perslev et al., 2021) (https://sleep.ai.ku.dk/home). The model
was benchmarked against the AASM criterion, although the model had a powerful capacity to
do a high-frequency sleep staging up to 128 Hz, where the model will output a confidence score
that the subject is in one of the 5 sleep stages (Wake, Stage N1, N2, N3 and REM) at a given
time. Here, the model was used to make predictions on 30 s epochs (1/30 Hz) same as the
AASM criterion, although internally, the model simply aggregates the confidence score in the
30 s epoch and chooses the best representative one as the staging outcome. The original model
(in the published paper) required at least one EEG and one electrooculography (EOG) input,
now there are several updated and re-trained models where only EEG signal inputs. As specified
in the paper, the model made no assumptions about any data pre-processing, and internally it

will resample the EEG to 128 Hz anyway.

The pre-processed 32-channel 15-minute nap EEG data (see previous, 20 s baseline removed)

was firstly converted to European Data Format (EDF) using the FieldTrip toolbox. The model
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used was ‘U-Sleep-EEG v2.0. A maximum of 24 channels are allowed to input to the model, thus
all peripheral channels (F7, F8, T7, T8, P7, P8, P9 and P10) were removed. The output was
selected to be 1/30 Hz (one sleep stage every 30 s). The model ran predictions on every input
EEG channel (one hypnogram per channel), and the final output hypnogram took the sleep
stage of the maximum probability (mostly predicted from all channels). For the 15-minute nap
period, the hypnogram had 30 sleep stages predicted. The Application Programming Interface

was requested and approved by the developer, and the code implementation was done in Python.

To analyse the sleep staging data, the hypnogram results were first checked manually to ensure
validity. Two participants were further excluded from this analysis, as their hypnograms started
from stage N2 sleep, which was impossible to happen. The average sleep stage trajectories were
then plotted for the audio and control groups for comparison. The sleep onset was defined
the same as previous (continuous l-minute stage N2 sleep), and the sleep onset latency was
computed and compared between the two groups. The Wilcoxon rank-sum test was applied
to test whether the latencies were significantly different between the two conditions. Not all
subjects were asleep based on this sleep onset definition, therefore, a Fisher’s exact test was
done with the null hypothesis that the phase-locked auditory stimulation did not have a positive
effect leading to sleep onset. Survival analysis was also applied, to see the probability of still
awake (no presence of sleep onset as defined). The empirical probability density of ‘awake’
was estimated using MATLAB function ecdf, with the option to plot ‘survival function’ One
important concept in survival analysis is censoring. For instance, the experiment stopped before
the total survival times of all individuals could be observed, or the participants dropped out of
the study. In the current case, it means that participants who did not have sleep onset (thus
were not asleep at all) should be right-censored because the exact survival time (asleep time) is
unknown. The KSS data from pre and post-nap were also analysed, as a subjective measurement
of potential effects of nap with or without audio stimulation. The changes in KSS score (post
minus pre) were calculated for each participant, and compared between the two groups. The
statistical testing was done using the Wilcoxon rank-sum test, a non-parametric test suitable
for the limited sample size and discrete score values. Some post hoc analysis will be introduced

along with the results.

Feature-based EEG dynamics analysis during nap period

The same feature-based analysis approach was applied here to study the EEG brain dynamics
during the nap period and make comparisons between the two conditions. The same feature
base was used, and most of the feature evaluation methods were kept the same. One important
difference in this experimental data is the sampling rate of the EEG, where all previous datasets
had 256 Hz. To make sure that the feature interpretations would not be affected (especially
CATCH-22 features such as the total EEG spectrum sum, which was computed as the first 1/5
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of the spectrum power), the EEG signals were downsampled to 250 Hz prior to any feature
evaluation. The downsampling was done using MATLAB function decimate with a decimation
factor of 4, and the decimated signal was lowpass filtered to ensure spectral properties (no

aliasing).

The same classification pipeline with hierarchical clustering was applied to probe whether there
would be any significant differences in EEG brain dynamics at the end of the nap due to the
phase-locked stimulation. The last 3 minutes of the nap EEG data was taken, and three channels
were taken into analysis: F3, Cz and Oz, which measures the regional cortical activities of
interest. The Fz channel was not used since it was interpolated in the 32-channel system,
therefore F3 was taken to replace in the analysis. For the 3-minute EEG period, ten non-
overlapping 6-second EEG mini-epochs were extracted for feature extraction (after RMS-based
artefact rejections with threshold 3 times the median), and then linear SVM was used to classify
between audio and control condition groups. Hierarchical clustering was then applied to extract

key features, with all methodology details the same as before.

Based on the foundation of previous analysis, the four key features that best distinguish bedtime
wakefulness and sleep onset states were also studied here: the alpha-to-beta band ratio, the
low-to-high frequency band power ratio, the peak beta band frequency, and the total EEG
spectrum power. To explore the whole-brain changes of the four features throughout the 15-
minute nap, the features were firstly computed continuously using the same approach as in
Chapter 4. For each participant and EEG channel, the 15-minute period was firstly divided
into 6-second mini-epochs with 3-second overlapping. The features were then evaluated for all
mini-epochs. The same RMS-based artefact rejection method was applied, where mini-epochs
with RMS values higher than four times the median of all epochs will be excluded as artefacts,
where the corresponding feature values were marked as NaN. To ensure the continuity of the
feature time series, a running-window median filtering with a window size of 20 data points was
done to interpolate the NaN values with the median of nearby window values. The feature values
were then globally z-score normalised: the mean and standard deviation of all timestamps from
all channels and all participants were computed to normalise on. The feature time series are
then normalised to the first 30 seconds (as a baseline to compare the changes) by subtracting
the median value of the feature data points in the first 30 seconds (10 in total). After all the

steps, there was one feature time series for every EEG channel of every participant.

To compare the global changes in these features between conditions over time, a cluster-based
permutation test was used. The whole 15-minute period was first divided into the first 3-minute,
the middle 3-minute (from 6 to 9 minutes), and the last 3-minute periods, or the whole 15-minute
was used as a whole. The cluster-based permutation test was then done for each period and
for each feature separately. For each feature and each period, the average feature values of

all mini-epochs inside this period were computed for each channel and participant separately.
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By concatenating them together, it became a 2-D feature matrix: number of participants by
32 channels for each condition. The feature matrices for the two conditions were then used to

compute the two-sample t-statistic for each channel:

z—7

t-stat = , (6.1)
sp(v/1/N1+1/N2)
V2 1Ve2
where s, = (M 11\25_1%21\_722 1)52, x and y denote the feature value vector of one channel for

each condition, and the horizontal bar denotes the population mean (across all participants),
Ny and Ny denote the number of participants in each condition, and s; and sy denote the
population standard deviation. Basically, this was equivalent to doing a two-sample t-test for
each channel separately. The returned t-stat for all the channels were then used for the cluster-
based permutation tests. Briefly, the cluster-based permutation test first identifies a bunch of
significant clusters of channels (based on the previous two-sample t-test, with a p-value threshold
of 0.05). The representative t-value for that cluster is the sum of all the t-stat of the channels in
that cluster. Then, permutations will be done to randomly shuffle the channel indices, and re-
evaluate clusters and cluster t-values (if available). This was done 10000 times. This is similar
to the concept of surrogate testing but is now done on a spatial basis. The cluster t-values
from all these permutations would be put together, and if taking a p-value threshold of 0.05,
this implies that the final significant clusters would have a t-value higher than 95% of all the
other cluster t-values from the 10000 permutations (based on the Monte-Carlo method). The
explanation here is for intuitive understanding purposes only; fundamentally, this is a strong
non-parametric method to detect significant regional changes in the features compared between
audio and control conditions. The actual implementation of the cluster-based permutation
test was using the FieldTrip toolbox function ft_timelockstatistics, using a within-subject
design, and the t-statistic was computed by subtracting control from audio (so that positive
t-values indicating a larger value in audio condition). The p-value threshold for both channel

significance and cluster significance was 0.05.

The cluster-based permutation test was done on four periods without observing the feature time
series. To see the actual feature dynamic trajectory over time, the average feature time series
was averaged across the three channels (F3, Cz, and Oz) to see the dynamics globally during
the 15-minute nap and compare between audio and control conditions. The comparison between
the two conditions was done at each timestamp using a two-sample t-test on the time series.
A generalised linear mixed effect model (GLME) was further applied to test whether auditory
stimulation significantly changed the linear coefficient of the feature changes. The basic the-
ory of the regression models has been introduced in Section 3.2. The GLME model took the
feature values as the response variable, with time, stimulation conditions, and their multiplica-
tion as predictors (fixed effects), and included a random effect intercept for participant ID (as

the grouping variable which quantifies the inter-dependence of the data samples). The GLME
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equation generally takes: ‘Feature = Time x Condition + (1|Participant-ID)’. The model fitting
was done in MATLAB using function fitglme, with identity linkage function. The statistics of
interest from the model is how 'Time x Condition’ as a predictor changes the feature dynam-
ics, where significance implies that the stimulation significantly changed the feature dynamical

changes over time.

Delayed Free-Recall and FNAT analysis

As described previously, the Delayed Free-Recall task data was transcribed and matched to
the actual list presented. There are many specific questions that can be asked in this task,
but given the scope of this thesis, I only focus on the effect of auditory-intervened naps on
performance. Firstly, the 90-second full-list recall performance difference between post and pre-
nap will be compared between audio and control conditions. The performance was quantified
via the percentage of words correctly recalled. Specifically, there could be new words recalled or
words forgotten after the nap, which were also compared between the two conditions. Wilcoxon
rank-sum test was used for the percentage changes, and for the number of word differences, the

Kruskal-Wallis test was applied to test the distribution differences.

The statistical analyses for the FNAT data were done in R via RStudio. Again, there could
be numerous questions to ask for this task, given the richness of the measurements. Within
the scope of this thesis, the analyses focused on how auditory-intervened nap could change the
number of different response types: Target or correct response, Foil and Distractor. Similarly,
the effects on the response time (RT) and the confidence level could also be tested. The analysis
generally followed the same approaches as in Violante et al. (2023). Prior to the analysis, the

data was structured in the CSV file as specified previously, in a trial-by-trial way.

Firstly, to investigate whether the auditory-intervened nap significantly changed the accuracy
of FNAT performances (correct: Target response; incorrect: Foil and Distractor responses),
a binomial logistic regression model was fitted. The response variable is a binary variable
(correct or not), while the predictor is the stimulation condition, with random intercepts of the
participant ID and block ID. The model statistics were evaluated using the Type II Wald Chi-
squared tests with Kenward-Roger correction for degrees of freedom, and the p-values would
tell whether the stimulation significantly changed the accuracy level. Post hoc analysis was
also done by estimating the marginal mean values (a.k.a., least-squares mean, evaluated in a
certain subgroup such as the audio or control subgroup) in each condition, to see in which
direction (positive or negative effects) the stimulation was taking effect. In addition to this, to
investigate whether the auditory-intervened nap significantly changed the probability of different
response types (Target, Foil and Distractor), a multi-nomial logistic regression model was used,
with the ‘Target’ as the level of intercept. The response variable is the probability of different

response types, while the predictor is the stimulation condition. Basically, the multi-nomial
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logistic regression solves the regression problem by estimating the coefficients for the equation:

P(Response = 'Foil ")
P(Response = 'Target")

In(

P(Response = ' Distractor")

) = by + b1 (Condition = ' Audio"), (6.2)

In(

P(Response = Target') ) = by + bg(Condition = ' Audio"), (6.3)
where P(.) denotes the probability of the specific response type, by and by denote the intercept
of the linear regression results, and b; and bs are the coefficients, implying the effects of the
stimulation on the probability of different responses. Positive coefficients mean that the auditory-
intervened nap is making the performance generally worse, where the probability of Foil or
Distractor response becomes higher. The model statistics were evaluated using Type II Wald
Chi-squared tests with Kenward-Roger correction for degrees of freedom, which basically did the
analysis of variance (ANOVA) across all response types. The Type II sum of squares generally
considers the main effect conditioned on all other main effects (main predictors). To see the
effects of the stimulation in each response type, for each response type, the marginal mean values
were estimated and contrasted for each condition (audio or control). The post hoc contrasts
could tell whether the stimulation significantly changed the probability of the specific response
type. The implementation of the multi-nomial logistic regression model was done using the
multinom function in the ‘nnet’ package in R. The statistical testing (ANOVA) of the model
was done using Anova function, with the estimation of the marginal mean was done using the

function emmeans.

To explore the effects of stimulation on the response time (RT) of the FNAT trials in different
response types, a GLME model was used, with the stimulation condition, the response type,
and their multiplication (as the interaction) as predictors to predict the RT. Given the specific
distribution of RT (positive only), an inverse-Gaussian distribution was assumed in the GLME
model, with an identity linkage function. The random effects (grouping variables) of the par-
ticipant ID and the block ID (from 1 to 12) were considered in the model. Similarly, the model
statistics were evaluated using the Type II Wald chi-squared test. Post hoc contracts were done
by evaluating the marginal mean of the RT for each condition and each response type, to see
whether the stimulation significantly changed the RT in each response type. The GLME model
was fitted using the glmer function in the ‘lme4’ package, with the same functions to do the

statistical testing and evaluating marginal means.

To test whether stimulation changed the confidence level in each response type, the cumulative
linked mixed model (CLMM) with logit linkage function was used. CLMM model is actually the
same regression model as GLME, but specifically designed for response variables as an ordinal
variable, which has natural, ordered categories and the distances between the categories are
not known. The CLMM model was fitted to use the stimulation condition, the response type,

and their multiplication (as the interaction) as predictors to predict the confidence level, with
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Figure 6.5: Demographics details of the participants contrasted between two conditions. Blue
denotes control, and red denotes audio condition (same across all plots). a. The number of participants of each
stimulation condition at each site; the distribution difference was tested using Fisher’s exact test, which was not
significant (p = 1). b. The number of participants of each stimulation condition for the two different experimental
starting times; the distribution difference was tested using Fisher’s exact test, which was not significant (p = 1).
c. The number of male and female participants in each stimulation condition; the distribution difference was
tested using Fisher’s exact test, which was not significant (p = 1). d. The language proficiency distribution of
the two stimulation conditions; the distribution difference was tested using Fisher’s exact test, which was not
significant (p = 0.74). e. The Age distribution comparison between audio and control conditions. Significance
was tested using the Wilcoxon rank-sum test, and p = 0.79. n.s., non-significance (same across all later plots).
f. The years of education distribution comparison between audio and control conditions. Significance was tested
using the Wilcoxon rank-sum test, and p = 0.85. g. The Epworth sleepiness scale (ESS) distribution comparison
between audio and control conditions. Significance was tested using the Wilcoxon rank-sum test, and p = 0.09.
h. The Pittsburg Sleep Quality Index (PSQI) distribution comparison between audio and control conditions.
Significance was tested using the Wilcoxon rank-sum test, and p = 0.43.

random intercepts as the participant ID and the block ID. The statistics were evaluated in the

same way as the previous two models. The CLMM model was implemented using the function

clmm in the ‘ordinal’ package in R.

6.3. Results

6.3.1. Demographics

The initial exclusion of participants has been illustrated before. After all exclusion, there were in
total N = 36 participants for analysis. The demographic details are shown in Figure 6.5, along

with all the sleep questionnaire results, contrasted between the two conditions. As mentioned
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previously, there were two sites and two starting times for the experiment. The participant
distribution is shown in Figure 6.5a and b. There were 18 participants on Floor 7 (10 control
and 8 audio conditions), and 18 participants on Floor 9 (9 control and 9 audio conditions). 20
participants started at 11 am (11 control and 9 audio conditions), and 16 participants at 2:30
pm (8 control and 8 audio conditions). For the gender, there were 12 females and 7 males in
the control condition, and 10 females and 7 males in the audio condition (Figure 6.5¢). Fisher’s
exact test for all of them showed no significant difference between the two conditions (p = 1). All
the participants had a language proficiency above the proficient level, with 15 native speakers
(7 controls and 8 audio), and 21 proficient speakers (12 control and 9 audio conditions), and
there were no significant differences (Fisher’s exact test p = 0.74, Figure 6.5d). The control
participants had an age distribution of 22.89 + 3.18 years old (mean =+ st.d.), while audio
participants were 23.18 + 2.81 years old (Figure 6.5¢). The Wilcoxon rank-sum test showed no
significant difference in the age distribution (p = 0.78). The control participants had 17.79 +
2.02 years of education, while audio participants had 18.00 + 2.81 years (Figure 6.5f, Wilcoxon
rank-sum test p = 0.85). The control participants had an ESS score of 8.05 + 3.12, while audio
participants had 6.35 £ 3.18 (Figure 6.5g, Wilcoxon rank-sum test p = 0.09). The control
participants had a PSQI score of 5.63 + 3.32, while audio participants had 4.71 £+ 2.17 (Figure
6.5h, Wilcoxon rank-sum test p = 0.43). In sum, there are no significant demographic differences

between the audio and control groups that could confound later analysis results.

6.3.2. Phase-locking accuracy

Delivering the audio stimulation targeted at the correct phase is important to achieve the desired
effects. The same ecHT algorithm was applied in computing the phases of the EEG signal at
the 5 Hz theta band (target frequency in stimulation, see Methods for computation details), and
the phase-locking accuracy results are shown in Figure 6.6. The whole head phase resultants
are shown in Figure 6.6a, computed for all 32 channels (with Fz channel interpolated). The
phase resultants are high around the phase-locking area (Fz and the left mastoid area), while for
other locations, the resultants are low. The phase histograms (at which the audio stimulation
was delivered) for all channels, and relevant statistics (mean phase, standard deviation of phase

distributions, and Rayleigh’s test for uniformity of the phases) can be found in Appendix B.36.

Specifically, the exact phases that were targeted are also important. The phase histogram at
stimulation onset for the Fz channel (in the 32-channel system) is shown in Figure 6.6b. The
phase resultant at Fz is 0.97 (Rayleigh’s test p = 6.36 x 10~!!), with a mean phase of 84.93°
+ 13.55°. Recall that the original phase target was 72° (post-peak), and the phase-locking in
the Fz channel in the 32-channel system has a 12° difference with it. The phase-histogram for
the ecHT system can be seen in Appendix B.37, where the mean phase was 74.99° £+ 1.39°,
with phase resultant 0.99 (Rayleigh’s test p = 2.66 x 107!2). The results clearly show that the
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Figure 6.6: Phase-locking accuracy across the brain in the 32-channel EEG system. a. The phase
resultant at 32 EEG channels for the phase distribution at which the stimulation was delivered. The channel
names are marked on the figure, with the colour bar showing the phase-resultant value (from 0 to 1). b. The
phase histogram at which the audio stimulation was delivered, plotted with a bin size of 10°. All phases were
computed at the 5 Hz theta band, and only 32-channel EEG data was used with Fz-channel interpolated.

Phase resultant

phase-locking in the original ecHT system was pretty accurate and consistent. The differences
in the phase-locking results in the 32-channel system and ecHT system are expected, since the
ecHT system had a very specific reference (to left mastoid), while the 32-channel system was
referenced to FCz. The most important reason could be that the Fz EEG signal used in the
analysis was actually interpolated using post hoc algorithms, thus leading to potential phase

distortions.

6.3.3. The effect of auditory stimulation on nap
Sleep staging and KSS results

As previously mentioned, the sleep staging was done using a pre-trained Al model. There were
two participants further excluded from the sleep staging results analysis, due to the fact that
their sleep stages started from stage N2 (N = 34 for analyses). To see whether the phase-locked
auditory stimulation impacted the sleep stage results, the average sleep stage trajectories for
the two conditions are plotted and compared in Figure 6.7a. There are no statistical differences
in the sleep stage trajectories, but when observing the figure, at around the last 3 minutes of
the nap, the participants with audio stimulation seem to be in a deeper average sleep stage.
Therefore, the sleep stages in the last 3 minutes were taken to compare between audio and
control groups, and the left-tailed Wilcoxon rank-sum test was applied (to see if the values in
the audio group were significantly higher than those of the control group). Still, the p-value was

0.30, indicating that statistically, there was no difference even in the last 3 minutes of the nap.
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Figure 6.7: Differences between audio and control in sleep stages and KSS tests. a. The average
sleep stages in the 15-minute nap compared between the control (blue) and audio (red) conditions. At each
timestamp, the Wilcoxon rank-sum test was applied to see whether the sleep stages differed significantly between
conditions, and no significance was found. b. The time to sleep onset (defined as the first 1-minute stage N2
sleep) comparison between the control (blue) and audio (red) conditions. The Wilcoxon rank-sum test showed
no significance (p = 0.38). ¢. Survival analysis showing the probability of wake with time increasing in both
conditions. Fisher’s exact test showed no significant differences in the number of participants who fell asleep or not
between the two conditions (p = 0.30). d. The changes in the KSS score (post minus pre-nap) compared between
the two conditions. The Wilcoxon rank-sum test showed no significant difference between the two conditions
(p =1). n.s., non-significance in all relevant plots. Violins in (b) and (d) show the kernel density plot (external
shape), median values (white non-filled circle) and upper and lower 25% quantiles (grey bar).

To get deeper into the sleep staging outcomes, the sleep onset was defined the same as previously:
the continuous 1-minute stage N2 (2 consecutive N2 scores). The sleep onset latency was then
defined as the time from the start of the nap up to the sleep onset. The latencies are compared
between the control and audio groups (Figure 6.7b). Since this was a very short nap, not all
participants could have reached stage N2 sleep. For the control participants, there were 10
who fell asleep based on this sleep onset definition and had mean latencies of 7.80 minutes (4
3.19, st.d.). For the audio participants, there were 11 who fell asleep based on this sleep onset
definition and had mean latencies of 9.09 minutes (+ 2.98, st.d.). Still, the Wilcoxon rank-sum
test between them showed no significant differences. The survival analysis was also applied,
to see the probability of falling asleep in each condition over time (Figure 6.7c). No obvious
difference can be seen visually, and Fisher’s exact test also showed no significance in the number
of participants who fell asleep in each condition (p = 0.30). From the perspective of subjective

sleepiness metrics (the KSS test), the changes in the KSS scores were also not significantly
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different between conditions (Wilcoxon rank-sum test p = 1): control participants had a change
of 0.47 £+ 2.12, while audio participants had 0.47 £+ 1.77. Interestingly, both groups showed a
positive change in the KSS score, implying more sleepiness after the short nap, although neither
group itself was significant (One-sample t-test, p = 0.34 for control and p = 0.29 for audio). The

potential reason for this could be the sleep inertia effect (see later).

Feature-based classification between audio and control in the last 3 minutes of the nap

Although not significant, the previous results showed that the potential effect could be in the
last period of nap. Therefore, the feature-based statistical learning pipeline was applied to
classify between audio and control conditions in the last 3 minutes of the nap. The EEG was
downsampled to 250 Hz prior to feature evaluation, and the same evaluation methods and
hierarchical clustering as before were used (see Methods). Three EEG channels were taken
for the analysis (F3, Cz and Oz). The results can be seen in Appendix B.38. There were no
features with accuracy above 60%. Although this analysis did not have good sensitivity here, it
was interesting to observe that the clustering structure was similar to that of the classification
between bedtime and sleep onset (Chapter 3), with some of the previously identified features
still at the centroid of clusters (especially the total EEG spectrum power and the peak beta
band frequency).

Key governing sleep features differences between audio and control

The post-peak of theta band stimulation condition was identified as the optimal condition based
on the four key governing features identified in Chapter 3 for the MESA dataset: the alpha-to-
beta band ratio, the low-to-high frequency band power ratio, the peak beta band frequency, and
the total EEG spectrum sum. The stimulation time in the previous experiment was much
shorter, and not in a ‘falling asleep’ scenario, however. It is thus important to study the
impacts of auditory stimulation during the 15-minute nap. Firstly, the changes in the four
features normalised to the 30-second baseline throughout the nap period were contrasted between
the audio and control condition on the whole brain (all 32 channels), using the cluster-based
permutation test (see Methods). The results are shown in Figure 6.8, with the t-statistics shown
in colours and significant EEG channel clusters marked. Only the total EEG spectrum power was
significant in the comparison, with the audio condition having significantly higher feature values
in almost all channels, and throughout the entire nap period. Recall the previous results that
the total EEG spectrum power was higher at sleep onset compared to bedtime, which implies
that the auditory stimulation is pushing the brain closer to sleep onset based on this feature.
For the alpha-to-beta band power ratio, there seems to be a slight increase across all brain areas,

which matches the changes at sleep onset compared to bedtime (increasing change), although
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Figure 6.8: Comparison of the four key feature changes on the whole brain between audio and
control across the nap period. The entire nap was divided into four different periods to study: (a) for the
first 3 minutes; (b) for the middle 3 minutes (6-9 minute period); (c) for the last 3 minutes; and (d) for the entire
nap period. Four key features are shown: (i) Alpha to beta band ratio; (ii) Low to high frequency band power
ratio; (iii) Peak beta band frequency; and (iv) Total EEG spectrum power. The changes in the feature values are
contrasted between the audio and control groups (audio minus control), and the two-sample t-statistics (t-stat)
are shown in the plots as the colour scales (from -4 to 4), where positive values imply larger positive changes in
the audio condition compared to the baseline. Cluster-based permutation tests were done, with significant EEG
channel clusters shown in “*’ markers in the plot. The curves in the plots are isolines (contour lines) on which the
t-stat values are the same, where the density of the contour lines shows the gradient (denser lines imply a larger
gradient).

this change was not significant. The low-to-high frequency band power ratio showed barely any
changes. The peak beta band frequency showed no changes at first, but with stimulation going
on, it seems that the Parietal region (around Pz) had an increased feature value. Recall that
peak beta band frequency should decrease at sleep onset. No significant clusters were identified,
which means that this increase was very restricted in that small cortical area, implying a more
aroused state in that region only. Interestingly, the same regions around the left of Pz also

showed the least positive change in the total EEG spectrum power as well.

The cluster-based permutation test allowed a whole-brain view of the changes in the features
but lost some level of temporal information. To see how the features change continuously in

each condition, and compare them across conditions, the four feature time series are plotted to
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Figure 6.9: The key feature time series during nap normalised to baseline and compared between
audio and control. The key feature time series are averaged from F3, Cz and Oz channels during 15-minute
nap, z-score normalised to 30 s baseline and compared between audio (red lines) and control (blue lines). a. Alpha
to beta band ratio; b. Low to high frequency band power ratio; c. The peak beta band frequency; and d. Total
EEG spectrum power. Shown are the mean (solid line) + s.e.m. (shaded area) across all participants in each
condition group. One-sample t-test was done at each timestamp for the normalised time series of each group, to
see significant changes compared to 30 s baseline; The Red asterisk ‘*’ denotes significance for the audio-group
time series, blue addition ‘+’ denotes significance for the control-group time series (p < 0.05). The time series are
also compared across groups, using a two-sided two-sample t-test, with the black cross ‘x’ indicating significance
(p < 0.05).

see their temporal dynamics (Figure 6.9). The feature time series were averaged from the F3,
Cz and Oz channels to get one representative time series per participant. All feature values were
z-score normalised to the 30 s baseline (see Methods), and the statistics at the group level were
shown and compared in the plot. Aside from the low-to-high frequency band power ratio which
had similar significant increases in both conditions, the other features did not change in the
same direction as one would expect during falling asleep (according to previous results) for both
control and audio condition participants. For the alpha-to-beta band power ratio, both control
and audio participants had significantly decreased feature value compared to baseline, although
the change for audio participants started later. There was not much difference between the
two conditions for this feature except the first few minutes. For the peak beta band frequency,
participants in both conditions did not change much, and the feature values seemed to be
noisy. For the total EEG spectrum power, the control participants had significantly decreased
feature values compared to the baseline throughout the nap, while for audio participants, they
remained constant with a slight decrease in the middle. It is now clear that the differences
that were previously seen in Figure 6.8 were not due to the fact that the total EEG spectrum
power was increasing more in the audio participants, but rather it was decreasing in the control
participants. The total EEG spectrum power also had the most significant differences between
audio and control conditions throughout the nap period (Figure 6.9d black crosses). In sum,
compared to the control condition, the phase-locked audio stimulation did not seem to improve

sleep onset but also did not make it worse.
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Figure 6.10: Results comparison in the Delayed Free-Recall task performance between audio
(red) and control (blue) groups. a. The changes in the percentage of words recalled (post minus pre-nap)
compared between audio and control. n.s., non-significance using two-sided two-sample t-test (p = 0.77). b.
The number of new words recalled after nap compared to pre-nap and contrasted between audio and control
groups. n.s., non-significance using Kruskal-Wallis test (p = 0.07). ¢. The number of new words forgotten after
nap compared to pre-nap and contrasted between audio and control groups. n.s., non-significance using Kruskal-
Wallis test (p = 0.48). Violins show the kernel density plot (external shape), median values (white non-filled
circle) and upper and lower 25% quantiles (grey bar).

6.3.4. Effect of auditory-intervened nap on memory performances

Finally, I analysed the Delayed Free-Recall task and the FNAT results to probe the effects
of the auditory-intervened nap on memory performances. For the Delayed Free-Recall task,
the performance differences between the pre and post-nap full-list recall are compared between
the two conditions (Figure 6.10), to see whether auditory-intervened nap could enhance the
verbal episodic memory encoding more than control. Firstly, the changes in the percentage of
words recalled (from post minus pre-nap) are contrasted between the two conditions (Figure
6.10a). Both groups had a decrease in the percentage of words recalled after the nap, with
the audio group -9.69% =+ 27.89% (mean + st.d.) and the control group -7.36% + 19.14%.
Using a two-sample t-test, the performance changes were not significantly different between
them (p = 0.77). It is interesting that, in the audio group, there was one participant who
did not recall any word that was encoded pre-nap (-100%). Aside from the percentage, there
could be new words recalled, or previously recalled words forgotten after the nap. Therefore,
they are also contrasted between audio and control groups (Figure 6.10b and c). Audio-group
participants had, on average, 2.53 £+ 1.97 (st.d.) new words recalled, while control participants
had 3.37 & 1.71. Since the number of words is discrete values, the Kruskal-Wallis distribution
test was applied, and it was not significantly different between the two conditions (p = 0.07).
Similarly, audio-group (or control group) participants forgot on average 4.12 + 3.90 (or 4.26 +
1.91) words and the Kruskal-Wallis test was not significant (p = 0.48). In general, the Delayed
Free-Recall performances were not different after the auditory-intervened nap compared to the

control.

The FNAT analysis provided much richer cognitive metrics to analyse the potential effects of

the auditory-intervened nap. Prior to conducting the analysis, the accuracies for all participants
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Figure 6.11: Results comparison in FNAT performance between the control (blue) and audio
(red) groups. a. The percentage of Target, Foil and Distractor response compared between the control and
audio groups. Post hoc contrasts between audio and control in each response type showed no significance (Target
p = 0.08, Foil p = 0.08, Distractor p = 0.65). b. The response time (RT) distribution of Target, Foil and
Distractor response compared between the control and audio groups. Post hoc contrasts between audio and
control in each response type showed no significance (Target p = 0.98, Foil p = 0.21, Distractor p = 0.14). ¢. The
confidence distribution of Target, Foil and Distractor response compared between the control and audio groups.
Post hoc contrasts between audio and control in each response type showed no significance (Target p = 0.63, Foil
p = 0.20, Distractor p = 0.15). The distributions were shown in bars with mean + s.e.m. (the error bar), grouped
in each response type and stimulation condition. Black dots show individual participant’s data (mean or median
across all trials). The statistics were done using all trial data rather than averaged data within participants. Refer
to Appendix B.39 for all model statistics (post hoc contrasts) and distribution statistics.

were checked to make sure that all participants had accuracies (percentage of Target response)
above 30%, with a mean 60.47% + 11.77% (st.d.) accuracy across all participants. The trials
without a response (the participant failed to respond within 8 seconds) were removed (4.19%),
and in total, there were 60.47% Target responses, 23.54% Foil responses, and 11.79% Distractor
responses. Firstly, a binomial logistic regression model was fitted to predict accuracy (Target
response) or not (Foil and Distractor combined) with the same predictor (stimulation condition)
and random intercepts. The model was not significant, with x> = 0.57 and p = 0.45, with
an estimated mean accuracy of 62.9% =+ 3.3% for the control cohort, and 66.0% + 3.1% for
the stimulation cohort. Further, the analysis was expanded to answer whether the stimulation
significantly changed the response types, the multi-nomial logistic regression model was fitted
to the data, with the ‘Target’ response (correct response) as the intercept for comparison (see
Methods for details). The model showed a significant effect of the stimulation: x? = 6.33, p =
0.04. Specifically, the model coefficients showed a significantly lower probability of Foil response
compared to the Target under the stimulation condition (P(Foil)/P(Target) = e = 0.86,
p = 0.013). The probability of Distractor compared to Target was lower, but not significant
(P(Distractor)/P(Target) = e’ = 0.92, p = 0.31). Still, when comparing and contrasting the

percentage of each response type between the two conditions, no significance was found (Figure
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6.11a), although the p-value for the Target response and Foil response was very close to 0.05.
These results imply that although the general accuracy was not affected by the stimulation,
there was a weak effect in augmenting the correct bindings. For the response time (RT), a
GLME model was fitted to predict it using the stimulation condition and response type, with
random intercept as the participant and blocks. The model statistics were analysed using the
ANOVA (see Appendix B.39 for full statistics), and it was found that the stimulation type and
the response type had a significant interactional effect on the RT (y? = 13.40, p = 0.001). This
implies that the stimulation significantly changed the RT distributions across all response types.
However, the post hoc contrasts in each response type showed no significant differences (Figure
6.11b), and barely any differences can be visually seen in the RT distribution in each response
type as well. For the confidence, a CLMM model was fitted to predict it using the stimulation
condition and response type with random intercept as the participant and blocks. Similarly, the
model statistics showed a significant interactional effect on the confidence by stimulation across
all the response types (x? = 7.03, p = 0.03). The post hoc contrasts, again, showed no significant
differences in the confidence between conditions in each response type. All these results imply
that the stimulation would only have significant impacts on the FNAT performance dependent

on the response type, but the impact cannot be seen directly in a specific response type.

6.4. Discussion

6.4.1. Reflections on experimental results

In this chapter, I presented a nap experiment trying to use brain oscillation synchronised audio
stimulation to augment sleep onset and potentially improve memory performances. I showed
that the audio was delivered accurately to the target phases. There was no effect found in the
augmentation of sleep onset from the perspective of sleep staging and key sleep onset features.
However, I finally showed that there was a weak improvement in associative memory in the
FNAT task.

I first demonstrated that the phase-locking was accurate in targetting the desired phase of the
ongoing neuronal oscillations. However, it can be found that, due to the specific reference that
was taken (Fz to left mastoid), the audio outputs were actually phase-locked to the relative theta
activities from frontal minus temporal activity. This might need to be taken into consideration

for future analysis, given the specific neuronal oscillations that are targeted.

The effect of auditory intervention in the 15-minute nap was analysed from several different
aspects. Firstly, based on the hypnograms (sleep stages), there was no effect in augmenting
sleep using the phase-locked auditory intervention. However, it has to be acknowledged that

the Al-based staging should in no case be taken as the ground truth. As a future plan, there
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will be human experts to manually score this data, and further results will be revised according
to the stages. Still, sleep staging itself is not a very good outcome measurement to quantify
the auditory effects, since it has a very low temporal resolution (30 seconds), and as discussed
previously, stage N1 has been the the most controversial sleep stage, with the lowest inter-
rater consistency (Rosenberg and Van Hout, 2013). This also holds for the model used, as
specified in the original paper, the F-score for stage N1 was the lowest (around 0.5) (Perslev
et al., 2021). From the perspective of subjective sleepiness metrics (KSS scores), it was found
that all participants seemed to be drowsier after the nap (although not significant). This could
potentially be related to the sleep inertia effects (Lovato and Lack, 2010; Ficca et al., 2010),
caused by the abrupt disruption of sleep (recall the concept of hysteresis in state transitions
mentioned in Chapter 4 as well). Since the nap period was only 15 minutes, at the end of the
nap, most participants might just reach the sleep onset, or they were even woken up while their
brains were just prepared for the transition. Sleep inertia would cause a short period of cognitive
impairment, and the longer the nap, the longer time the person would need to recover (Lovato
and Lack, 2010). Here in the present study, the next cognitive task was at least 12 minutes away
from the nap, therefore the effect of inertia should have gone by then, leaving only the benefits
from the short nap (Lovato and Lack, 2010).

From the perspective of the EEG dynamic features, a classification analysis was done between
control and audio conditions, where no key features could be found. Still, the similar structure
in the hierarchical clustering to previous results implies that the effects of this phase-locked
audio might still be related to sleep features somehow. As a future step, the previously devel-
oped inter-regional features could be deployed here and explore further the potential dynamic
differences. When studying the four key sleep-related features, combining the results from the
cluster-based permutation test and the feature time series dynamics, although no significant
effect of ‘augmentation of sleep onset’ was found, at least, it did not make it worse by making
the participants more aroused (except the left Parietal area, which is interesting to study further
on its own). From the perspective of the total EEG spectrum power, it could even be concluded
that the auditory stimulation induced slower EEG dynamics in general, although this effect
could be due to the entrainment of theta rhythms, as it was not obvious in the other features
that the stimulation is augmenting sleep onset more than control. It was interesting to observe
that even in the control condition, the feature dynamics did not change in the expected direction
while falling asleep. There could be many specific points to notice and improve in this analysis.
Firstly, the difference in the analysis methods should be emphasized. The previous trajectories
in the falling asleep dynamics were observed by aligning all participants to the sleep onset, where
here the feature time series are normalised to the first 30 seconds of the nap period. Specifically,
for the audio condition participants, there were stimulations in the first 30 seconds as well,
which could bias the normalised results, as the novel exposure to the stimuli could cause arousal

or other effects. Secondly, the restriction of the nap length might not represent the complete
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falling asleep transition for many participants. Further analysis could divide the participants
into successful asleep ones (after manual sleep staging is done) and non-successful ones, and
redo the analysis again to see potential effects. Thirdly, the specific cohort this study recruited
is completely different to previous datasets, as the two datasets used in previous analyses have
an elderly population. Lastly, the nap was done during the day instead of an overnight study,
which could affect the falling asleep transition. Further, there were no ‘adaptations’ normally
present in other sleep experiments. Similar to the ‘first-night effect’ (Tamaki et al., 2005), there

could also be a ‘first-day effect’ that is changing the brain dynamics seen in the nap.

The cognitive benefits of nap have been shown previously (Lovato and Lack, 2010; Mednick
et al., 2013; Tucker et al., 2006), and the experiment incorporated the cognitive tasks to see
whether by boosting the nap (facilitating the sleep onset), one can achieve augmented cognitive
benefits as well. In comparing the cognitive performances between the two stimulation condi-
tions, no positive effects of the stimulation were found in the Delayed Free-Recall performance.
In the FNAT analysis, it was found that although the general accuracy was not changed by
the stimulation, the stimulation could significantly reduce the probability of a misbinding (Foil
response) compared to the correct response, implying a potential benefit in associative mem-
ory. Of course, this benefit seems to be very restricted in this comparison only, as there was
no difference in the actual accuracy (correct response percentages) and that compared to the
Distractor response. Similarly, for the response time and confidence, the stimulation only had
an effect dependent on the response type, but not within any specific response. It also needs to
be acknowledged that due to the limitation of sample size, and a between-subject design, there
could be many other confounding factors making it difficult to link the auditory intervention

effects to cognitive performance changes.

Still, all these analyses presented were very preliminary, where the ‘weak’ effects found here could
be further augmented with refined methods. Firstly, the ‘optimal’ stimulation condition (the
theta band post-peak) was identified at the group level. In our lab’s preliminary experiment,
12 out of 18 participants responded best to this condition, however, the remaining subjects
responded best to other stimulation conditions. Therefore, the very next step would be to
further group the participants into potential ‘responding’ and ‘non-responding’ groups, and redo
the analyses again to see potential effects. How to do this re-grouping might also be important, as
this study was not sham-controlled within the subject. Starting from the preliminary experiment,
one could apply the feature-based statistical learning pipeline to classify the baselines of the 12
responding participants and the non-responding ones. Then, one can use the trained classifier
or potential key features that can ‘predict’ whether the participant can respond or not, to
distinguish the N = 17 participants into responding and non-responding cohorts. Aside from
predicting whether the participant would respond to theta post-peak auditory stimulation, we
could also potentially phenotype the participants, and predict the exact stimulation condition

that they would respond to. Again, one could run the feature-based statistical learning pipeline
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and identify the features that could tell the personalised ‘optimal’ response condition. Another
important difference between the previous experiment and the current one is the stimulation
time and the analysis method for determining the optimal condition. The previous experiment
had in total of 4-minute resting state EEG recordings, while here the stimulation lasted for 15
minutes, and in a falling-asleep scenario. Secondly, the knowledge of dynamical systems and the
bifurcation theory during the falling asleep transition was not considered in the analysis. The
bifurcation-based biomarkers (such as tipping point prediction, or control variables) could be

potentially used in the future to probe the effects of this phase-locked auditory stimulation.

On the other hand, the potential mechanism behind how phase-locked auditory stimulation
could augment sleep onset remains unclear. In deep sleep, it has been proposed that the auditory
signals activate the nonlemniscal pathways, which then leads to widespread depolarisation across
the cortex and, thus, synchronisation of the oscillations (Bellesi et al., 2014). However, in
triggering the sleep state transitions, the mechanistic pathways could be different. Linking to
the previous results and discussions, the need to sleep depends on homeostasis pressures, and
the ‘spring theory’ (Yamagata et al., 2021) also indicates the same thing, that the brain needs
to be active with enough intensity for homeostasis to build up, and thus a smoother sleep
state transition. Potentially, the auditory stimulation could work by actually arousing the brain
activity, facilitating the homeostasis pressure and then augmenting the sleep onset. If that is
the case, the auditory stimulation might work better for those insomnia patients with excessive
daytime sleepiness, rather than healthy participants (in this experiment, for example). This is
only a hypothesis, without any evidence. In future research, there could potentially be more
mechanistic studies into how the phase-locked audio inputs change the brain dynamics (such as

EEG features) and gain more mechanistic insights.

6.4.2. Potential personalised stimulation design in augmenting sleep onset

Coming back to the topic of developing a closed-loop neuromodulation system, the ultimate rea-
son for those functional biomarkers and models in quantifying the falling asleep process was to
inform the stimulation system in optimising the stimulation in real time. Given the complexity
and non-stationarity of the brain dynamics, it is conceivable that the ‘optimal’ phase condition
could be changing over time as well. This implies that the stimulation should be adjusted to the
actual brain states in a real-time scenario to achieve optimal benefits (Fang and Yang, 2022).
There can be many potential approaches to do this. For instance, by tracking the four key
governing sleep-related features in real-time, one can define a threshold for improvement (fea-
tures moving in the direction of falling asleep), thus keeping the current stimulation condition;
Or if the features show no changes, or undesired changes (moving in the opposite directions),
the target phases of the stimulation would be changed. In more complicated approaches, if the

personalised bifurcation model was successful (see Chapter 4), then tracking the tipping point
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or control variables of the system could be a more sensitive way to inform the system to change
the conditions. These approaches are very basic, a more advanced approach could take into con-
sideration the control theory, and develop “self-adaptive” models such as Bayesian optimisation
and reinforcement learning models to adjust the stimulation parameters with the quantifiable
metrics described before as the reward function, where the stimulation will be optimised to

“push” the brain state to sleep-onset.

Outside the target phases, there are many other parameters in the auditory stimulation paradigm
that can be optimised, for example, the audio intensity (volume). Similar to slow-wave sleep
augmentation, in augmenting sleep onset, the volumes cannot be too large to cause arousal
but also need to be strong enough for the stimulation to be effective. Moreover, during sleep,
auditory stimulation functions depend on the activation of the nonlemniscal pathways, which
overlap anatomically with the ascending arousal systems (Bellesi et al., 2014). Therefore, the
benefit range of the audio volume could be small, and difficult to optimise. The current ex-
periment used a 40 dB stimulation, and the results did not show an arousal effect in general,
but this volume could be too small for some participants to gain benefits, or too high for other
participants and disrupt their falling asleep attempt. There are many other parameters, such
as the target neuronal oscillation frequency or the output sound frequencies. As Bellesi et al.
proposed, the output sound frequencies should vary in general to avoid habituation in the non-
lemniscal pathways (Bellesi et al., 2014). Of course, achieving a closed-loop system in fine-tuning
all these parameters could be extremely difficult. Essentially, how different auditory stimula-
tion actually changes the EEG brain dynamics has not been well studied. There is a need to
develop these perturbation-based biomarkers (outside the sleep features) as well, as to answer
the question of how these audio outputs are changing the EEG brain dynamics (from a feature-
based perspective, for instance). Similar to the previous comment, these features could also
provide important mechanistic insights about the auditory stimulation itself, and also better

help develop the system.

6.4.3. Implications and other potential work

There are many additional analyses to be done for the experimental data, and if successful,
this is going to have an important clinical impact, as a novel treatment approach for insom-
nia patients, and is especially beneficial for those cognitively impaired and dementia patients
who suffer from sleep-onset insomnia. As an additional value, the augmentation of sleep onset
could help the patients benefit more from actual deep sleep, and prevent further cognitive de-
clines. Deeper analyses of the data could also provide important mechanistic insights on how
the phase-synchronised auditory stimulation could augment falling asleep, thus informing future
experiments and designing better stimulation paradigms. Outside the augmentation of sleep

onset, similar mechanisms could also work to prevent sleep fragmentation, which is also one of



190 Chapter 6. Testing sleep onset augmentation via phase-locked auditory stimulation

the sleep disturbances experienced by cognitively impaired and dementia patients.

The richness of this experimental data also allows for many other explorations, for instance, one
can use the concurrent EEG recordings during the FNAT task, and identify potential functional
biomarkers in predicting or correlating to the task performance (Gutierrez, 2023). The 3-minute
resting state EEG recording prior to and after the nap could also be analysed to see the brain
dynamics differences, so as to better understand the stimulation effects and to phenotype the

participants’ responses or predict the stimulation conditions as well.



7. Conclusions and discussion

7.1. Summary of the results

In Chapter 3, 4 and 5, I presented a series of computational studies which investigated the
falling asleep brain dynamics measured via EEG from different aspects based on meta sleep EEG
datasets. Starting from Chapter 3, I developed the feature-based statistical learning pipeline
and tested its efficacy in identifying a set of orthogonal EEG biomarkers for distinguishing the
bedtime wakefulness and sleep onset states, based on two large different sleep datasets. Four or-
thogonal key governing features were found to distinguish the two states best: the alpha-to-beta
band power ratio, the low-to-high frequency power band ratio, the peak beta band frequency,
and the total EEG spectrum power. The importance of these features was validated in two
datasets, with slight differences that could be explained by the differences in the datasets. The
classification model trained on selected key features could reach a comparable accuracy to all
features, which further confirmed the validity of this dimensionality-reduction approach for se-
lecting the key features in best describing the brain dynamic differences between the two states.
I further tested how different demographic factors could affect the EEG brain dynamics at
bedtime wakefulness and sleep onset state. Ageing brains have slower brain rhythms and more
noise-like EEG dynamics with less nonlinear structures during normal wakefulness, and I further
found that this also exists at the sleep onset state. Lastly, I systematically explored the features
that were correlated to and could predict the sleep onset latency. Contrary to our current un-
derstanding, some features suggested a spring-like phenomenon for sleep regulation: the further
to the sleep-onset state, the more the homeostasis forces, and the smoother the sleep onset tran-
sition. Similar findings were also found in mild cognitive impairment (MCI) patients, who had
excessive daytime sleepiness (features closer to sleep onset state at bedtime), took longer to fall
asleep and reached a shallower sleep state. I also found that age and gender could significantly
impact the sleep onset latencies. Using all these factors (age, gender, and MCI) combined with
the six most informative features (derived from classification and linear regression analyses),
I built a Ridge regression model and showed that sleep-onset latency could be predicted. Of
course, further improvements and replications can be done to further consolidate the findings

and improve performances.

191
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In Chapter 4, inspired by the underpinning neurophysiology of wake-sleep regulatory brain cir-
cuits, I provided the empirical evidence in human sleep EEG that the falling asleep transition can
be modelled as a catastrophic bifurcation in the feature-state-space. By transforming the EEG
data into the feature state space, one can observe the transition dynamics in the transformed
space. The sleep state variable (distance to sleep onset) was found to follow the bifurcation
dynamics, while the feature state space speed slowed down a bit during the transition. By
studying the specific feature dynamics behind this transition, I found two types of transition dy-
namics using functional principal component analysis (FPCA). The first type, which is also the
dominant one, resembled the bifurcation dynamics. The second type showed a burst of change
before the transition and then went back, and although taking only a trivial amount of variance,
it was found to be the crucial control parameter of the entire bifurcation transition process.
For each type, there were two governing features identified, with important causal interactions
between them. Specifically, it was found that the total EEG spectrum power causally drove
the dynamics in the other feature dimensions, implying a potential neuromodulation target or
trackable biomarker for this bifurcation process. Further, it provided potential insights about
sleep initiation, that a gradual de-arousal (slowing down) could be the driving force before bi-
furcation. Finally, I showed the utility of such functional models in describing this transition
process, in answering a ‘so what’ question. Before bifurcation, there would be a critical slowing
down in the system dynamics, which contains early warning signals (increased autocorrelation

and variance) that could help predict the tipping point.

Chapter 5 extended from the previous two chapters in resolving one of the limitations of the
previous chapters, that is the lack of consideration of regional differences. It was found that
different cortical regions had slight quantitative differences but qualitatively consistent dynamics.
Different brain regions had specific features with different sensitivities to distinguish the two
states. These regional gaps imply a potential functionality for detecting paradoxical insomnia,
or better sensitivity in marking sleep onset states. The same bifurcation-type dynamics further
confirm the solidity of the descriptive functional model developed in Chapter 4. In addition, I
further developed an inter-regional interaction feature base to quantify different connectivity and
non-connectivity relationships (e.g., power-band ratios) across channels. It was then found that
the sleep onset state was hallmarked by an increase of transfer entropy between different brain
regions in all directions, implying global information sharing between different regions at the
sleep onset state. In this inter-regional feature state space, bifurcation dynamics could also be
observed, with key dynamical features governed mostly by transfer entropy and directed transfer
function. Lastly, I tested the causal interactions between the interactional features and regional
feature dynamics and found a significant self-enhancing loop shedding light on more insights
about sleep initiation: the burst increase in the information transfer at the alpha band from the
Frontal to Posterior region (or the Frontal delta activity) drives a global information dependence,

which further leads to the posterior de-arousal. Still, I acknowledge the primitiveness of this
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framework and the limitations of the datasets, and the results require further polishing.

In sum, the first three results chapters presented the key representative EEG dynamics changes
at sleep onset compared to bedtime wakefulness (key governing features), how they are changing
(descriptive functional model as bifurcation), whether and how they are different across brain
regions (regional dynamics), and how the regional dynamics interact and connect for sleep
initiation. Of course, I acknowledge that the fundamental limit of all these results is the database.
MESA was recorded at home around 13 years ago from the time of this thesis, therefore, the
data quality could be poor compared to other laboratory-based newer datasets (such as the
Montreal). The specific EEG montages and the specific participant cohort also determine the
background of all the findings in this thesis. However, the use of meta-datasets is an important
aspect of this work, and the sufficient participant number at least ensured the quality of findings
on the group statistical level, with most replications done on the Montreal dataset confirming
the findings as well. Aside from that, as previously discussed, EEG is a constrained method for

measuring brain dynamics, and all current findings are founded on EEG data.

In Chapter 6, I presented the nap experiment to test the feasibility of using phase-locked (theta
band post-peak) auditory stimulation to augment sleep onset and achieve cognitive (memory)
benefits, as one of the key aims of this thesis. The choice of the stimulation condition (target
phases) and the outcome measurements were anchored on the feature-based analysis presented
before. I first showed that the audio was delivered to the desired phases. I then explored the
effects of this phase-locked auditory stimulation on augmenting sleep. From the perspective of
sleep staging (although done by artificial intelligence), there was no effect of the stimulation on
the nap: no differences in sleep stages, sleep onset latencies, and drowsiness changes. From the
perspective of key governing features, it was found that the auditory-intervened participants had
slower brain rhythms (higher total EEG spectrum power) compared to the control. However,
the changes were due to a larger decrease in this feature in the control participants, rather
than augmentations in the stimulation participants. Finally, I showed that there was a weak
benefit in associative memory after the auditory-intervened nap, based on the FNAT results. Of
course, as discussed in the chapter, the analyses presented were preliminary with many potential
confounding factors, and further analyses with refined methodologies should be done to further
consolidate the stimulation effects, as well as to probe the potential mechanisms of auditory
stimulation in sleep-onset augmentation. The results also shed light on potential personalised

stimulation designs to augment sleep onset.

7.2. Novel contributions and implications

Specific findings and their implications were mostly discussed in each chapter. A list of key
highlights of this thesis:
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¢ The development and implementation of a spatial-temporal feature-based sleep EEG analysis

pipeline into a meta-sleep dataset analysis; (Methodological advances)

e The first empirical illustration and modelling of the human brain falling asleep dynamics as
a catastrophic bifurcation process, with the previous literature foundations set on theoretical

neurophysiological models only (Knowledge advances).

¢ A Granger-causality-based framework to better understand the self-enhancing interactions in
sleep initiation, which combines the regional brain dynamics, and their interactions (Knowl-

edge advances).

o The feasibility test of auditory stimulation in the augmentation of sleep onset, with previous

literature focusing on deep sleep (Translational and clinical advances).

Broader implications of the work:

e Methodology. The spatial-temporal feature-based statistical learning analysis pipeline
could be used in other sleep neuroscience scenarios, for mechanistic biomarkers or functional
neuromodolatory targets. The dynamical systems framework for quantifying other phase-

transitions in the brain, especially in the context of arousal transitions (such as anaesthesia).

¢ Sleep Neuroscience. The bifurcation model of the falling asleep transition could be a
potential novel continuous standard of a description of the falling asleep process outside sleep
staging. Similarly, the model and the framework provide significant value in promoting the

development of disease diagnosis and therapy treatments, as well as neuromodulation targets

¢ Neuromodulation. The preliminary intervention experiment supports further mechanistic
understandings of phase-locked auditory interventions on brain dynamics; it also provides

important insights for future personalized closed-loop neuromodulation strategy development;

7.3. Outlook

Taking a broader view of this thesis, there are some action points and interesting open questions
to explore further. The first straightforward action is to combine the two feature bases (one
local and one inter-regional) into a general feature base and build a systematic pipeline around
it for the identification of the most informative local or connectivity feature. This would provide
a more generalised biomarker research and a better sensitivity. As discussed in the main text,

the feature base itself could also be refined to include more novel and question-specific features.

Concerning the field of sleep and falling asleep brain dynamics, it could be further studied
how different demographic factors and neurological diseases can impact the transition dynamics

(e.g., the bifurcation process), as well as the inter-regional interactions during sleep initiation.
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Specifically, this could further help the design of a patient-specific closed-loop neuromodulation
system that is better suited for their brain dynamics. Another aspect which is very common
in the falling asleep dynamics literature is to study the effect of sleep deprivation on the dy-
namics (Gorgoni et al., 2021). Studying the impacts of demographic factors, brain diseases, and
sleep deprivation is also an important pathway for a deeper mechanistic understanding of sleep
regulations and sleep functionalities in the brain. It would also be interesting to further link
the bifurcation transition model (and its control parameters) to underpinning neuronal mech-
anisms. The results shown took a data-driven approach in constructing the descriptive model,
while the background literature used neurophysiological modelling. How are the cortical-level
bifurcation dynamics driven by underlying neuronal bifurcation switches demonstrated in the
model? And how could the neuronal control parameters (excitatory or inhibitory level) match
the system-level control parameters found in the results? Specifically, the transition of neuronal
firing rates happens at the timescale of a few seconds (Saper et al., 2010), but the transition at
the whole-brain cortical level takes several minutes. A further in-depth study could probably
answer these questions, particularly with the aid of other neuroimaging (fMRI for instance) with
better spatial resolution and information on deeper brain activities. Similarly, for the results
in Chapter 5, there needs a further functional meaning in the ‘information transfer’ between

cortical areas from the underpinning neuronal dynamics (see details in that discussion).

Concerning the field of computational neuroscience and system dynamics, there has been a wide
repertoire of data-driven approaches to studying the brain system dynamics, state transitions,
and self-organised criticality (Plenz et al., 2021), revealing insights into brain functional mech-
anisms, and building models for neuromodulation aims (Deco et al., 2019). One relevant field
would be reverse engineering: using a data-driven approach to discover underpinning governing
equations (or laws) of the dynamical system (Schmidt and Lipson, 2009; Brunton et al., 2016b;
Rudy et al., 2017). In the current thesis, the bifurcation model is purely descriptive, however,
using those approaches, one might get the actual governing equation of the brain’s dynamic
(as a dynamical system) during the falling asleep transition, which would surely have huge in-
terpretative values. Of course, this is just a naive thought, the complexity level of the brain

(high-dimensional and multi-levels) could make the task impossible at all.

Concerning the field of neuromodulation for sleep interventions, aside from the phase-synchronised
auditory stimulation used in this thesis, electrical stimulation could also be a potential tool.
Transcranial current stimulation has achieved success in augmenting deep NREM sleep as well
(Marshall et al., 2006), but again, yet to be explored in the augmentation of sleep onset. Recently
developed non-invasive deep brain stimulation techniques such as temporal interference (Gross-
man et al., 2017) targeting deep brain structures make this path more promising. Of course,
auditory stimulation should remain the priority as it is safer and easier to apply compared to

electrical stimulations.
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A. List of EEG time-series feature base used in

the analysis

A.1. List of conventional EEG analysis features

Table A.1: List of conventional EEG analysis features with simple descriptions.

Names

Descriptions

Power-band features

Delta power

The delta band (1 —4 Hz) power normalized to the entire spectrum power and
log transformed

Theta power

The theta band (4 -8 Hz) power normalized to the entire spectrum power and

log transformed

Alpha power

The alpha band (8 —12 Hz) power normalized to the entire spectrum power and

log transformed

Beta power

The beta band (12 —30 Hz) power normalized to the entire spectrum power and

log transformed

Delta to theta

ratio

The log-transformed band power ratio between delta and theta band

Delta to alpha

ratio

The log-transformed band power ratio between delta and alpha band

Delta to beta ratio

The log-transformed band power ratio between delta and beta band

Theta to alpha

ratio

The log-transformed band power ratio between theta and alpha band

Theta to beta

ratio

The log-transformed band power ratio between theta and beta band

Continued on next page
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Table A.1: List of conventional EEG analysis features with simple descriptions. (Continued)

Alpha to beta

ratio

The log-transformed band power ratio between delta and alpha band

Transition power

ratio

The log-transformed transition power ratio defined as the low frequency band

power (delta plus theta) divided by high frequency band power (alpha plus beta)

Peak delta band

frequency

The peak frequency in the delta band (frequency bin with highest power)

Peak theta band

frequency

The peak frequency in the theta band (frequency bin with highest power)

Peak alpha band

frequency

The peak frequency in the alpha band (frequency bin with highest power)

Peak beta band

frequency

The peak frequency in the beta band (frequency bin with highest power)

Temporal coherence features

Temporal
coherence delta
band

The magnitude-squared temporal coherence in delta band

Temporal
coherence theta
band

The magnitude-squared temporal coherence in theta band

Temporal
coherence alpha

band

The magnitude-squared temporal coherence in alpha band

Temporal
coherence beta
band

The magnitude-squared temporal coherence in beta band

Phase-amplitude

coupling features

Phase amplitude
coupling DT

The phase-amplitude coupling strength between delta band phase and theta band

amplitude

Phase amplitude
coupling DA

The phase-amplitude coupling strength between delta band phase and alpha band
amplitude

Phase amplitude
coupling DB

The phase-amplitude coupling strength between delta band phase and beta band

amplitude

Phase amplitude

coupling TA

The phase-amplitude coupling strength between theta band phase and alpha

band amplitude

Continued on next page
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Table A.1: List of conventional EEG analysis features with simple descriptions. (Continued)

Phase amplitude

coupling TB amplitude

The phase-amplitude coupling strength between theta band phase and beta band

Phase amplitude

coupling AB amplitude

The phase-amplitude coupling strength between alpha band phase and beta band

A.2. List of CATCH-22 highly comparative time-series features (Reused
from Lubba et al. (2019))

Table A.2: List of Catch-22 time-series features. Table reused from Lubba et al. (2019) under Creative Commons

Attribution 4.0 International License.

Names

Descriptions

Distribution

DN HistogramMode 5

Mode of z-scored distribution (5-bin histogram)

DN HistogramMode 10

Mode of z-scored distribution (10-bin histogram)

Simple temporal statistics

SB BinaryStats mean
longstretchl

Longest period of consecutive values above the mean

DN OutlierInclude p 001 mdrmd

Time intervals between successive extreme events above the mean

DN OutlierInclude n 001 mdrmd

Time intervals between successive extreme events below the mean

Linear autocorrelation

CO flecac

First crossing of autocorrelation function

CO FirstMin ac

First minimum of autocorrelation function

SP Summaries welch rect area 5
1

Total power in lowest 1/5 of frequencies in the Fourier power spec-

trum

SP Summaries welch rect

centroid

Centroid of the Fourier power spectrum

FC LocalSimple mean3 stderr

Mean error from a rolling 3-sample mean forecasting

Nonlinear autocorrelation

CO trev 1 num

Time-reversibility statistic, ((zs41 — 2¢)%)

CO HistogramAMI even 2 5

Automutual information, m =2, 7 =5

Continued on next page
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Table A.2: List of Catch-22 time-series features. Table reused from Lubba et al. (2019) under Creative Commons

Attribution 4.0 International License. (Continued)

IN AutoMutuallnfoStats 40

gaussian fmmi

First minimum of the automutual information function

Successive differences

MD hrv classic pnn40

Proportion of successive differences exceeding 0.040

SB BinaryStats diff longstretch0

Longest period of successive incremental decreases

SB MotifThree quantile hh

Shannon entropy of two successive letters in equiprobable 3-letter

symbolization

FC LocalSimple meanl tauresrat

Change in correlation length after iterative differencing

CO Embed?2 Dist tau d expfit
meandiff

Exponential fit to successive distances in 2-d embedding space

Fluctuation Analysis

SC FluctAnal 2 dfa 50 1 2 logi
prop rl

Proportion of slower timescale fluctuations that scale with DFA

(50% sampling)

SC FluctAnal 2 rsrangefit 50 1
logi prop rl1

Proportion of slower timescale fluctuations that scale with linearly

rescaled range fits

Others

SB TransitionMatriz Sac

sumdiagcov

Trace of covariance of transition matrix between symbols in 3-letter
alphabet

PD PeriodicityWang th0 01

Periodicity measure of Wang et al. (2007b)

A.3. List of inter-regional interaction features between EEG channels

Table A.3: List of inter-regional interaction features between EEG channels.

Names Simple descriptions Directionality
Correlation features
Pearson Pearson correlation coefficient between the 1s segments of signals | Non-

X and Y and averaged across all segments directional
Cross The half-width of the cross-correlation between X and Y evaluated | Non-
correlation on 1s segments and averaged across all segments (Width as the lags | directional

to half of the maximum)

Continued on next page
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Table A.3: List of inter-regional interaction features between EEG channels. (Continued)
Cross The half-width of the cross-covariance between X and Y evaluated | Non-
covariance on 1s segments and averaged across all segments (Width as the lags | directional
to half of the maximum)
Cross-channel power band features
Band power The cross-channel band power ratios between X and Y, with power | Non-
ratio spectrum evaluated on 1s segments using Thompson’ s multi-taper | directional
approach. The power spectrums are firstly normalised to the to-
tal power for X and Y separately before computing the ratios.
Frequency bands: 1-4 Hz (alpha), 4-8Hz (theta), 8-12Hz (alpha),
12-30Hz (beta).
Coherence Cross channel magnitude squared coherence in different frequency | Non-
bands between X and Y, evaluated on 1s segments and then av- | directional
eraged. Frequency bands: 1-4Hz (alpha), 4-8Hz (theta), 8-12Hz
(alpha), 12-18Hz (betal), 18-24Hz (beta2), 24-30Hz (beta3).
Granger-causality based metrics
Directed Normalised directed transfer (DTF) function measured as the | Bidirectional
transfer causal influence from X to Y at different frequency bands, with
function vector autoregression model estimated on all EEG channels. Nor-
(DTF) malised DTF shows the ratio between causal inputs from X to Y
and the total inputs from all other channels to Y. Frequency bands:
1-4Hz (alpha), 4-8Hz (theta), 8-12Hz (alpha), 12-18Hz (betal),
18-24Hz (beta2), 24-30Hz (beta3). Directionality is considered by
computing both X to Y and Y to X.
Partial directed | Normalised partial directed coherence (PDC) measured as the | Bidirectional
coherence causal influence from X to Y at different frequency bands, with
(PDC) vector autoregression model estimated on all EEG channels. Nor-
malised PDC shows the ratio between causal inputs from X to Y
and the outflows of information from X. Frequency bands are the
same as DTF. Directionality is considered by computing both X
toY and Y to X.
Cross-channel frequency couplings
Phase- Cross channel phase-amplitude coupling between the phases of | Bidirectional
amplitude lower frequency band from X channel to the amplitudes of a higher
coupling frequency band from Y channel. Frequency bands: 1-4 Hz (alpha),

4-8Hz (theta), 8-12Hz (alpha), 12-30Hz (beta). All combinations
are considered by computing both X or Y providing phase or am-

plitude.

Continued on next page
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Table A.3: List of inter-regional interaction features between EEG channels. (Continued)
C'ross The cross bispectrum is estimated from X to Y (or Y to X), and | Bidirectional
bispectrum the average spectrum power is taken within each frequency band
in the 2D spectrum. Frequency bands are the same as phase-
amplitude coupling. Both directions are considered when comput-
ing the cross bispectrum. Cross bispectrum captures quadratic
coupling between signals.
General synchronisation
Synchronization | Synchronization likelihood evaluated on 1s segments between X | Non-
likelihood and Y and then averaged. Synchronisation likelihood estimates | directional
the linear and nonlinear inter-dependences between channels.
Information based metrics
Transfer Transfer entropy between X and Y signals evaluated on 1s seg- | Bidirectional
Entropy (TE) ments and then averaged. Directionality is considered by com-
puting both X to Y and Y to X. Transfer entropy measures the
directed information transfer.
Mutual Mutual information between X and Y signals evaluated on 1s seg- | Bidirectional
Information ments and then averaged. Mutual information measures the mu-

(MI)

tual dependence between two variables.




B. Supplementary Materials

B.1. Sleep onset latency distributions before exclusion for MESA and

Montreal datasets

Distribution stats for the MESA dataset: mean + st.d. 81.72 £ 54.96 minutes; The Montreal
dataset: mean =+ st.d. 25.34 £ 23.90 minutes. The distribution and statistics after exclusion

can be seen in the main text.

a b

No. of participants
No. of participants

0 50 100 150 200 250 300 350 0 20 40 60 80 100 120
Time to sleep (min) Time to sleep (min)

Figure B.1: The sleep onset latency distribution for MESA (a) and Montreal (b) datasets. Red
lines are the cut-off threshold for limiting the latency to be within [3,90] minutes range.
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B.2. Examplary EEG cardiac signature trace
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Figure B.2: An example EEG cardiac signature trace. The EEG cardiac signature trace is taken from
one of the EEG channels and averaged across the entire overnight EEG period.

B.3. Examplary EEG power spectrum before and after differentiation
filtering
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Figure B.3: Examplary EEG power spectrum before and after differentiation filtering. (a) shows
the linear frequency scale, and (b) shows the log-scale. The power spectrum was evaluated on a 6-second EEG

epoch, with blue showing the raw power spectrum, and red showing the power spectrum after differentiation
filtering.
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B.4. List of features in the hierarchical order in Figure 3.2 and the

explanations of the key representative features selected

The features are arranged in the hierarchical order as in the figure, with features in the same

cluster listed without borders. Features that are marked red and bold are the cluster centres

with mean cluster accuracy over 65% and selected as key governing features. The remaining

cluster centres are marked in bold only.

Table B.1: List of features in the hierarchical order in Figure 3.2. Key features selected are marked in red and

bold, while other cluster centres not selected are marked in bold only.

Feature Name Accuracy Mean Accuracy
Peak alpha band frequency 52.80% 52.80%
Peak theta band frequency 53.81% 53.81%
SC FluctAnal 2 dfa 50 1 2 logi prop rl 54.90% 54.90%
Delta to theta ratio 52.61%

54.90%
Delta to alpha ratio 57.19%
Theta to alpha ratio 61.91%
Transition power ratio 69.85%
Delta to beta ratio 70.95%

71.24%
delta power 76.08%
theta power 74.10%
Theta to beta ratio 74.59%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 63.76% 63.76%
Peak beta band frequency 66.25% 66.25%
Alpha to beta ratio 69.39% 68.77%
alpha power 68.14%
Peak delta band frequency 64.79% 64.79%
MD hr classic pnn40 63.25%
SB BinaryStats diff longstretch0 65.06%
PD PeriodicityWang th0 01 63.08% 68.68%
CO FirstMin ac 65.11%
CO Embed?2 Dist tau d expfit meandiff 72.45%

Continued on next page
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Table B.1: List of features in the hierarchical order in Figure 3.2. Key features selected are marked in red and

bold, while other cluster centres not selected are marked in bold only. (Continued)

CO flecac 71.64%
SB MotifThree quantile hh 72.15%
SP Summaries welch rect centroid 73.62%
SP Summaries welch rect area 5 1 72.54%
FC LocalSimple mean3 stderr 70.63%
SB BinaryStats mean longstretchl 74.18%
FC LocalSimple meanl tauresrat 60.50%
IN AutoMutuallnfoStats 40 gaussian fmmi 55.64%

61.01%
CO HistogramAMI even 2 5 66.49%
SB TransitionMatrix 3ac sumdiagco 57.11% 57.11%
Phase amplitude coupling TA 52.56% 52.56%
Phase amplitude coupling DT 56.17% 56.17%
Phase amplitude coupling DA 53.85% 53.85%
Phase amplitude coupling DB 55.29% 55.29%
Temporal coherence delta band 52.98% 52.98%
Temporal coherence theta band 53.51%

53.81%
Temporal coherence alpha band 54.10%
Temporal coherence beta band 53.17% 53.17%
CO trev 1 num 52.07% 52.07%

There are four key representative features selected, which are listed and explained below.

Table B.2: List of key features extracted and their explanations.

spectrum power

welch rect area
51

Name in the Original .
Explanations
figure name
This feature captures the first fifth total spectrum power;
. Given that our EEG sampling rate is 256Hz, the first fifth
SP Summaries )
Total EEG of the spectrum ranges from 0 to around 25Hz; In the typical

scenario of sleep EEG the spectrum power is mostly concen-

trated below 30Hz, so we interpret it as approximately the

‘total spectrum power’ .

Continued on next page
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Table B.2: List of key features extracted and their explanations. (Continued)

Peak beta band Peak beta band | This feature captures the frequency bin in beta band (13 to

frequency frequency 30 Hz) with the highest power,

Alpha to beta Alpha to beta This feature captures the band power ratio between alpha

band ratio ratio band (8 to 12 Hz) and beta band (13 to 30 Hz)

Low to high 7 i The log-transformed transition power ratio defined as the low
ransition

frequency band y frequency band power (delta plus theta, 1 to 8 Hz) divided by
ower ratio

power ratio P high frequency band power (alpha plus beta, 8 to 30 Hz)

B.5. GLM statistics of all features at sleep onset to predict age, and

explanations of the significant features in the model

The full GLM statistics are given in this table. Features marked in red are the significant features

(p-value < 0.05) chosen and shown in the main text.

Table B.3: GLM statistics of all features at sleep onset to predict age. Significant features (p < 0.05) are marked

in red.
Name Estimate Standard Error t-Stat p-value
Coefficient Estimate
Intercept 147.32 22.06 6.68 4.21E-11
delta power -10.50 32.93 -0.32 0.750
theta power 31.92 41.00 0.78 0.436
alpha power 50.62 35.85 1.41 0.158
beta power -45.33 13.59 -3.34 0.001
Delta to theta ratio -2.08 19.73 -0.11 0.916
Delta to alpha ratio -22.41 29.66 -0.76 0.450
Delta to beta ratio -8.33 41.39 -0.20 0.841
Theta to alpha ratio -20.52 27.08 -0.76 0.449
Theta to beta ratio -28.14 36.95 -0.76 0.446
Alpha to beta ratio -60.33 31.02 -1.94 0.052
Transition power ratio 51.37 22.15 2.32 0.021
Peak delta band frequency -6.86 2.37 -2.90 0.004

Continued on next page
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Table B.3: GLM statistics of all features at sleep onset to predict age. Significant features (p < 0.05) are marked

in red. (Continued)

Peak theta band frequency -0.04 2.17 -0.02 0.984
Peak alpha band frequency 2.27 2.12 1.07 0.284
Peak beta band frequency -2.51 2.70 -0.93 0.353
Temporal coherence delta band -7.32 3.73 -1.96 0.050
Temporal coherence theta band 2.62 4.28 0.61 0.540
Temporal coherence alpha band 0.08 4.05 0.02 0.984
Temporal coherence beta band -4.79 3.47 -1.38 0.167
Phase amplitude coupling DT 1.69 3.38 0.50 0.617
Phase amplitude coupling DA 4.30 3.39 1.27 0.206
Phase amplitude coupling DB -1.32 3.44 -0.38 0.701
Phase amplitude coupling TA 2.76 3.26 0.85 0.397
Phase amplitude coupling TB -3.78 3.13 -1.21 0.227
Phase amplitude coupling AB 1.56 2.97 0.52 0.600
DN HistogramMode 5 -3.40 3.34 -1.02 0.308
DN HistogramMode 10 0.69 3.70 0.19 0.853
CO flecac -8.97 3.75 -2.39 0.017
CO FirstMin ac -4.42 5.34 -0.83 0.408
CO HistogramAMI even 2 5 -12.89 2.82 -4.57 5.58E-06
CO trev 1 num -0.20 2.52 -0.08 0.936
MD hrv classic pnn40 -6.15 4.10 -1.50 0.134
SB BinaryStats mean longstretchl -3.51 5.36 -0.66 0.512
SB TransitionMatrix 3ac -0.69 2.96 -0.23 0.816
sumdiagcov

PD PeriodicityWang th0 01 0.55 3.36 0.16 0.870
CO Embed2 Dist tau d expfit -2.06 4.56 -0.45 0.652
meandiff

IN AutoMutuallnfoStats 40 5.65 3.30 1.711 0.087
gaussian fmmi

FC LocalSimple meanl tauresrat -3.70 3.70 -1.00 0.317

Continued on next page
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Table B.3: GLM statistics of all features at sleep onset to predict age. Significant features (p < 0.05) are marked

in red. (Continued)

DN OutlierInclude p 001 mdrmd -9.48 7.83 -1.21 0.227
DN OutlierInclude n 001 mdrmd 10.00 7.89 1.27 0.205
SP Summaries welch rect area 5 1 -15.56 11.79 -1.32 0.187
SB BinaryStats diff longstretch0 -3.69 3.35 -1.10 0.272
SB MotifThree quantile hh -19.95 6.07 -3.28 0.001
SC FluctAnal 2 rsrangefit 50 1 -2.05 3.19 -0.64 0.521
logi prop rl

SC FluctAnal 2 dfa 50 1 2 logi 2.26 2.93 0.77 0.442
prop rl

SP Summaries welch rect centroid -4.50 9.75 -0.46 0.645
FC LocalSimple mean3 stderr 1.80 8.52 0.21 0.833

There are six features with significant p-values.

Their names in the text, along with their

explanations, are shown in the table following. One of the features, ‘low to high frequency band

power ratio’, is the same as the four key features explained before in Table B.2.

Table B.4: Explanantions of the significant features in the GLM model to predict age at sleep onset.

frequency band

power ratio

Name in the Original Explanations / Interpretations

text name

Beta band beta power The log-transformed normalised band power in beta band (13-
power 30 Hz).

Low to high Transition Same as previous.

power ratio

Delta band Peak delta band | The peak frequency at delta band (1-4 Hz).

peak frequency frequency

Autocorrelation | CO flecac This CATCH-22 feature captures the 'first 1/e crossing of the
width autocorrelation function. This feature can be considered as

a quantification of the autocorrelation width, where larger
values imply a higher autocorrelation of the time series and

thus, a wider range of self-similarity.

Continued on next page
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Table B.4: Explanantions of the significant features in the GLM model to predict age at sleep onset. (Continued)

Auto mutual co A CATCH-22 features that captures the auto-mutual informa-
information HistogramAMI | tion of the time series. Higher feature values imply a higher
even 2 5 auto mutual information, which means that the time series

dynamics are repetitive and less noise-like (given the time lag
7 =75) (Escudero et al., 2009).

Entropy SB MotifThree | This CATCH-22 feature captures the entropy of the time se-
quantile hh ries by discretizing the time series values into 3 equal bins.
Higher feature values imply a larger entropy, which means

that the time series patterns are not repeating.

B.6. GLM statistics of all features at bedtime to predict age

Table B.5: GLM statistics of all features at bedtime to predict age. Significant features (p < 0.05) are marked
in bold and red.

Names Estimate Standard Error t- p-
Coefficient Estimate Stat | value
Intercept 33.80 20.20 1.67 0.095
delta power -19.80 22.55 -0.88 0.380
theta power 35.80 26.22 1.37 0.172
alpha power -20.36 17.87 -1.14 0.255
beta power -1.14 10.99 -0.10 0.918
Delta to theta ratio 19.11 13.50 1.42 0.157
Delta to alpha ratio -11.60 18.81 -0.62 0.537
Delta to beta ratio -3.82 29.92 -0.13 0.899
Theta to alpha ratio -10.58 14.38 -0.74 0.462
Theta to beta ratio -8.88 27.40 -0.32 0.746
Alpha to beta ratio 13.35 19.76 0.68 0.499
Transition power ratio 12.83 15.43 0.83 0.406
Peak delta band frequency -1.98 2.38 -0.83 0.406
Peak theta band frequency 3.45 2.38 1.45 0.148
Peak alpha band frequency 2.09 2.06 1.01 0.312

Continued on next page
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Table B.5: GLM statistics of all features at bedtime to predict age. Significant features (p < 0.05) are marked

in bold and red. (Continued)

Peak beta band frequency -1.54 2.51 -0.62 0.538
Temporal coherence delta band 3.30 3.60 0.92 0.360
Temporal coherence theta band 4.96 4.09 1.21 0.226
Temporal coherence alpha band -5.69 3.89 -1.46 0.143
Temporal coherence beta band 3.70 3.52 1.05 0.292
Phase amplitude coupling DT -0.95 3.45 -0.28 0.783
Phase amplitude coupling DA -2.04 3.23 -0.63 0.527
Phase amplitude coupling DB 0.85 3.16 0.27 0.789
Phase amplitude coupling TA -2.23 3.18 -0.70 0.482
Phase amplitude coupling TB -0.75 3.17 -0.24 0.812
Phase amplitude coupling AB -2.81 3.10 -0.91 0.364
DN HistogramMode 5 -0.78 3.12 -0.25 0.802
DN HistogramMode 10 2.46 3.91 0.63 0.530
CO flecac 1.00 6.81 0.15 0.883
CO FirstMin ac -8.12 7.38 -1.10 0.272
CO HistogramAMI even 2 5 0.13 3.00 0.04 0.965
CO trev 1 num 1.36 2.07 0.66 0.512
MD hrv classic pnn40 3.93 4.32 0.91 0.363
SB BinaryStats mean longstretchl 0.65 6.50 0.10 0.921
SB TransitionMatrix 3ac -1.33 291 -0.46 0.646
sumdiagcov

PD PeriodicityWang th0 01 8.36 3.38 2.47 0.014
CO Embed?2 Dist tau d expfit 1.34 5.52 0.24 0.808
meandiff

IN AutoMutuallnfoStats 40 -2.30 3.69 -0.62 0.533
gaussian fmmi

FC LocalSimple meanl tauresrat -3.44 5.52 -0.62 0.533
DN OutlierInclude p 001 mdrmd 4.90 9.92 0.49 0.621
DN OutlierInclude n 001 mdrmd 0.83 9.83 0.08 0.933

Continued on next page




Section B.7

245

Table B.5: GLM statistics of all features at bedtime to predict age. Significant features (p < 0.05) are marked
in bold and red. (Continued)

SP Summaries welch rect area 25.54 12.50 2.04 0.041
51

SB BinaryStats diff longstretch0 -2.49 3.82 -0.65 0.515
SB MotifThree quantile hh 1.40 8.92 0.16 0.876
SC FluctAnal 2 rsrangefit 50 1 logi -3.48 3.08 -1.13 0.259
prop rl

SC FluctAnal 2 dfa 50 1 2 logi prop -0.30 2.10 -0.15 0.884
rl

SP Summaries welch rect 25.49 12.03 2.12 0.034
centroid

FC LocalSimple mean3 stderr 13.26 9.97 1.33 0.184

B.7. Key feature statistics at bedtime and sleep onset for male and

female participants in Figure 3.6

Table B.6: Key feature statistics at bedtime and sleep onset for male and female participants in Figure 3.6.

Shown are mean =+ st.d. for statistics, and p-values using the double-sided two-sample t-test.

Bedtime Sleep onset
Names Male Female p- Male Female p-
stats stats value stats stats value
Alpha to beta band ratio 0.41 + 0.39 + 0.21 0.59 + 0.59 + 0.14 | 0.60
0.17 0.17 0.14
Low to high frequency band 0.41 + 0.41 + 0.89 0.59 + 0.59 £0.13 | 0.46
power ratio 0.14 0.16 0.13
Peak beta band frequency 0.51 + 0.50 + 0.61 0.27 £ 0.30 £ 0.17 | 0.02
0.18 0.18 0.17
Total EEG spectrum power 0.25 £ 0.27 + 0.04 0.54 + 0.51 £ 0.20 | 0.06
0.19 0.19 0.19

B.8. List of features in the hierarchical order in Figure 3.7

This is the classification for the Montreal dataset as a whole.
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Table B.7: List of features in the hierarchical order in Figure 3.7 along with their accuracy. Features marked

in bold are cluster centres, with features marked in red as key features chosen (which satisfy the

criterion). Single-cluster features will not be marked in bold.

Feature name Accuracy Mean accuracy
DN HistogramMode 5 51.38% 51.38%
Temporal coherence beta band 54.39% 54.39%
Temporal coherence alpha band 62.89%

63.56%
Temporal coherence theta band 64.22%
Temporal coherence delta band 57.16% 57.16%
beta power 55.10% 55.10%
Peak delta band frequency 72.19% 72.19%
Peak theta band frequency 68.17% 68.17%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 60.89% 60.89%
Theta to beta ratio 77.99%
theta power 76.90%
Theta to alpha ratio 74.64%
Transition power ratio 80.59% 78.35%
Delta to beta ratio 81.39%
delta power 83.61%
Delta to alpha ratio 73.34%
Delta to theta ratio 61.27% 61.27%
alpha power 59.19%

60.55%
Alpha to beta ratio 61.90%
Peak beta band frequency 72.61% 72.61%
FC LocalSimple meanl tauresrat 58.41% 58.41%
PD PeriodicityWang th0 01 56.95%
CO flecac 58.25%
SB MotifThree quantile hh 63.69%
CO Embed2 Dist tau d expfit meandiff 64.82%
SP Summaries welch rect centroid 65.10%

63.18%
FC LocalSimple mean3 stderr 65.16%

Continued on next page
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Table B.7: List of features in the hierarchical order in Figure 3.7 along with their accuracy. Features marked

in bold are cluster centres, with features marked in red as key features chosen (which satisfy the

criterion). Single-cluster features will not be marked in bold. (Continued)

SP Summaries welch rect area 5 1 69.67%

SB BinaryStats mean longstretchl 69.45%

SB BinaryStats diff longstretch0 60.37%

MD hrv classic pnn40 58.37%

IN AutoMutuallnfoStats 40 gaussian fmmi 56.19%

CO HistogramAMI even 2 5 54.22% wa
CO FirstMin ac 54.76% 54.76%
CO trev 1 num 51.38% 51.38%
SB TransitionMatrix 3ac sumdiagcov 54.96% 54.96%
Peak alpha band frequency 55.69% 55.69%
Phase amplitude coupling DB 57.00% 57.00%
Phase amplitude coupling DA 56.27% 56.27%
Phase amplitude coupling DT 56.84% 56.84%

B.9. List of features in the hierarchical order in Figure 3.9a and b

For classification in the Normal participants cohort:

Table B.8: List of features in the hierarchical order in Figure 3.9a along with their accuracy. Features marked

in bold are cluster centres, with features marked in red as key features chosen (which satisfy the

criterion). Single-cluster features will not be marked in bold.

Feature name Accuracy Mean Accuracy
Temporal coherence beta band 54.37% 54.37%
Temporal coherence alpha band 61.85%
61.72%
Temporal coherence theta band 61.58%
Temporal coherence delta band 58.99% 58.99%
Peak alpha band frequency 54.90% 54.90%
beta power 56.11% 56.11%
Delta to theta ratio 60.25% 60.25%

Continued on next page
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Table B.8: List of features in the hierarchical order in Figure 3.9a along with their accuracy. Features marked

in bold are cluster centres, with features marked in red as key features chosen (which satisfy the

criterion). Single-cluster features will not be marked in bold. (Continued)

Delta to alpha ratio 72.72%
delta power 84.18%
Delta to beta ratio 81.54%
Transition power ratio 82.45% 79.16%
Theta to alpha ratio 76.22%
theta power 77.92%
Theta to beta ratio 79.09%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 63.96% 63.96%
Peak theta band frequency 68.58% 68.58%
Peak delta band frequency 73.88% 73.88%
Peak beta band frequency 75.46% 75.46%
Alpha to beta ratio 62.90%

60.69%
alpha power 58.48%
FC LocalSimple meanl tauresrat 56.90% 56.90%
PD PeriodicityWang th0O 01 60.66%
FC LocalSimple mean3 stderr 65.66%
SP Summaries welch rect centroid 66.87%
SP Summaries welch rect area 5 1 70.67%
SB BinaryStats mean longstretchl 70.33%

64.57%
CO Embed?2 Dist tau d expfit meandiff 66.94%
CO flecac 60.36%
SB MotifThree quantile hh 64.67%
SB BinaryStats diff longstretcho 61.27%
MD hrv classic pnn40 58.29%
IN AutoMutuallnfoStats 40 gaussian fmmi 57.15%

56.79%
CO HistogramAMI even 2 5 56.42%
CO FirstMin ac 55.17% 55.17%
CO trev 1 num 58.30% 58.30%

Continued on next page
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Table B.8: List of features in the hierarchical order in Figure 3.9a along with their accuracy. Features marked

in bold are cluster centres, with features marked in red as key features chosen (which satisfy the

criterion). Single-cluster features will not be marked in bold. (Continued)

SB TransitionMatrix 3ac sumdiagcov 55.74% 55.74%
Phase amplitude coupling DB 56.60% 56.60%
Phase amplitude coupling DA 56.21% 56.21%
Phase amplitude coupling DT 56.07% 56.07%
DN HistogramMode 5 53.74% 53.74%

For the classification in the MCI cohort:

Table B.9: List of features in the hierarchical order in Figure 3.9b for the MCI participants cohort, along with

their accuracy. Features marked in bold are cluster centres, with features marked in red as key

features chosen (which satisfy the criterion). Single-cluster features will not be marked in bold.

Feature name Accuracy Mean Accuracy
Phase amplitude coupling AB 52.20% 52.20%
Phase amplitude coupling TB 53.88% 53.88%
Phase amplitude coupling DT 56.62% 56.62%
Phase amplitude coupling DB 57.09% 57.09%
Phase amplitude coupling DA 56.14% 56.14%
Peak alpha band frequency 56.73% 56.73%
Temporal coherence alpha band 62.50%

64.39%
Temporal coherence theta band 66.27%
Temporal coherence delta band 53.38% 53.38%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 57.36% 57.36%
Theta to beta ratio 75.85%
theta power 75.03%

75.01%
Theta to alpha ratio 71.29%
Transition power ratio 77.85%
Delta to beta ratio 80.73%
delta power 82.92%

74.62%
Delta to alpha ratio 73.27%

Continued on next page
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Table B.9: List of features in the hierarchical order in Figure 3.9b for the MCI participants cohort, along with
their accuracy. Features marked in bold are cluster centres, with features marked in red as key
features chosen (which satisfy the criterion). Single-cluster features will not be marked in bold.
(Continued)

Delta to theta ratio 61.55%
Peak theta band frequency 68.55% 68.55%
Peak delta band frequency 69.14% 69.14%
beta power 52.45% 52.45%
IN AutoMutuallnfoStats 40 gaussian fmmi 53.99% 53.99%
CO FirstMin ac 55.29% 55.29%
MD hrv classic pnn40 58.35%
SB BinaryStats diff longstretch0 59.98%
SB BinaryStats mean longstretchl 67.63%
SP Summaries welch rect centroid 65.19%
FC LocalSimple mean3 stderr 64.99%

62.53%
SP Summaries welch rect area 5 1 68.71%
CO flecac 57.06%
SB MotifThree quantile hh 63.70%
CO Embed2 Dist tau d expfit meandiff 63.49%
PD PeriodicityWang th0 01 56.18%
FC LocalSimple meanl tauresrat 61.11% 61.11%
Peak beta band frequency 69.45% 69.45%
Alpha to beta ratio 60.15%

59.23%
alpha power 58.30%
SB TransitionMatrix 3ac sumdiagcov 52.81% 52.81%
Temporal coherence beta band 53.57% 53.57%
DN HistogramMode 5 52.54% 52.54%

B.10. Statistics of the feature distributions in Normal and MCI par-
ticipants at bedtime and sleep onset (for Figure 3.10 and 3.11)
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Table B.10: Statistics of the feature distributions in Normal and MCI participants at bedtime and sleep on-

set (for Figure 3.10 and 3.11). Shown are mean =+ st.d., with p-values using the double-sided

two-sample t-test.

Bedtime Sleep onset
Feature name
Normal MCI p-value | Normal MCI p-value
Alpha to beta band ratio 0.45 £ 0.47 £ 0.18 0.56 £ 0.54 £ 0.09
0.26 0.26 0.19 0.18
Low to high frequency band 0.31 £ 0.38 £ 1.27E- 0.63 £ 0.63 £ 0.99
power ratio 0.17 0.20 11 0.17 0.13
Peak delta band frequency 0.27 + 0.32 £ 0.04 0.65 + 0.64 + 0.40
0.37 0.39 0.32 0.34
Peak theta band frequency 0.83 + 0.82 + 0.21 0.54 + 0.52 + 0.34
0.26 0.28 0.37 0.37
Peak beta band frequency 0.53 £ 0.50 £ 0.02 0.23 £ 0.26 £ 0.02
0.26 0.26 0.24 0.26
Total EEG spectrum power 0.27 + 0.26 + 0.33 0.54 + 0.47 £ 3.06E-
0.21 0.19 0.26 0.24 07

B.11. List of features in the hierarchical order in Figure 3.15

Table B.11: List of features in the hierarchical order in Figure 3.15. The classification accuracy and mean

cluster accuracy are also shown. Key features selected are marked in red and bold, while other

cluster centres not selected are marked in bold only.

Feature name Accuracy Mean accuracy
Phase amplitude coupling TB 52.33% 52.33%
Phase amplitude coupling TA 52.14% 52.14%
Peak delta band frequency 52.93% 52.93%
Peak beta band frequency 54.23% 54.23%

MD hrv classic pnn40 52.55% 52.55%

PD PeriodicityWang th0 01 57.73%

CO FirstMin ac 56.01%

CO flecac 58.52% 58.90%

SB MotifThree quantile hh 60.29%

Continued on next page
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Table B.11: List of features in the hierarchical order in Figure 3.15. The classification accuracy and mean

cluster accuracy are also shown. Key features selected are marked in red and bold, while other

cluster centres not selected are marked in bold only. (Continued)

CO Embed2 Dist tau d expfit meandiff 61.97%
SB BinaryStats diff longstretch0 57.66%
CO HistogramAMI even 2 5 56.39%
FC LocalSimple mean3 stderr 58.48%
SB BinaryStats mean longstretchl 58.27% 58.49%
SP Summaries welch rect area 5 1 60.70%
SP Summaries welch rect centroid 61.43%
FC LocalSimple meanl tauresrat 56.49%
IN AutoMutuallnfoStats 40 gaussian fmmi 55.38% 55.38%
Temporal coherence beta band 49.67% 49.67%
Temporal coherence alpha band 56.61%
Temporal coherence theta band 57.42% 57.31%
Temporal coherence delta band 57.89%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 53.37% 53.37%
Alpha to beta ratio 55.07%

54.88%
Theta to beta ratio 54.69%
Peak alpha band frequency 50.65% 50.65%
Peak theta band frequency 57.80% 57.80%
Delta to alpha ratio 61.00%
alpha power 54.98%
Delta to theta ratio 56.90%

57.37%
beta power 53.21%
Delta to beta ratio 58.25%
Transition power ratio 59.88%
Theta to alpha ratio 58.58%

59.27%
delta power 59.96%
SC FluctAnal 2 dfa 50 1 2 logi prop rl 57.23% 57.23%
Phase amplitude coupling DB 50.51% 50.51%

Continued on next page
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Table B.11: List of features in the hierarchical order in Figure 3.15. The classification accuracy and mean
cluster accuracy are also shown. Key features selected are marked in red and bold, while other

cluster centres not selected are marked in bold only. (Continued)

Phase amplitude coupling DA 50.54% 50.54%
CO trev 1 num 52.84% 52.84%
DN HistogramMode 5 50.76% 50.76%

B.12. The GLM statistics of all features to predict sleep onset latency

at bedtime

Table B.12: GLM statistics of all features at bedtime to predict sleep onset latency.

Names Estimate Standard Error t- p-
Coefficient Estimate Stat value
Intercept 33.38 53.10 0.63 0.530
delta power 117.25 59.27 1.98 0.048
theta power -166.32 68.92 -2.41 0.016
alpha power 51.36 46.96 1.09 0.274
beta power -5.84 28.88 -0.20 0.840
Delta to theta ratio -7.68 35.49 -0.22 0.829
Delta to alpha ratio 35.82 49.44 0.72 0.469
Delta to beta ratio -141.90 78.64 -1.80 0.071
Theta to alpha ratio -59.75 37.79 -1.58 0.114
Theta to beta ratio 179.12 72.02 2.49 0.013
Alpha to beta ratio -79.78 51.94 -1.54 0.125
Transition power ratio 62.20 40.56 1.53 0.125
Peak delta band frequency 9.18 6.25 1.47 0.142
Peak theta band frequency 10.61 6.26 1.69 0.091
Peak alpha band frequency -1.14 5.43 -0.21 0.834
Peak beta band frequency -3.31 6.59 -0.50 0.616
Temporal coherence delta band 0.99 9.45 0.10 0.917

Continued on next page
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Table B.12: GLM statistics of all features at bedtime to predict sleep onset latency. (Continued)

Temporal coherence theta band -8.38 10.76 -0.78 0.436
Temporal coherence alpha band -6.39 10.21 -0.63 0.532
Temporal coherence beta band 16.21 9.24 1.75 0.080
Phase amplitude coupling DT 9.92 9.06 1.10 0.274
Phase amplitude coupling DA -4.55 8.48 -0.54 0.592
Phase amplitude coupling DB -3.55 8.30 -0.43 0.669
Phase amplitude coupling TA -4.99 8.35 -0.60 0.550
Phase amplitude coupling TB -5.49 8.34 -0.66 0.511
Phase amplitude coupling AB -11.73 8.13 -1.44 0.150
DN HistogramMode 5 -2.63 8.19 -0.32 0.748
DN HistogramMode 10 15.21 10.27 1.48 0.139
CO flecac -18.43 17.90 -1.03 0.304
CO FirstMin ac -20.91 19.41 -1.08 0.282
CO HistogramAMI even 2 5 3.94 7.89 0.50 0.618
CO trev 1 num -7.94 5.43 -1.46 0.144
MD hrv classic pnn40 -1.60 11.36 -0.14 0.888
SB BinaryStats mean longstretchl -4.49 17.07 -0.26 0.793
SB TransitionMatrix 3ac 0.54 7.65 0.07 0.944
sumdiagcov

PD PeriodicityWang th0 01 3.05 8.89 0.34 0.731
CO Embed?2 Dist tau d expfit -28.21 14.51 -1.94 0.052
meandiff

IN AutoMutuallnfoStats 40 14.64 9.70 1.51 0.132
gaussian fmmi

FC LocalSimple meanl tauresrat 3.62 14.50 0.25 0.803
DN OutlierInclude p 001 mdrmd -14.02 26.06 -0.54 0.591
DN OutlierInclude n 001 mdrmd 17.74 25.85 0.69 0.493
SP Summaries welch rect area 5 1 64.99 32.85 1.98 0.048
SB BinaryStats diff longstretch0 -5.02 10.03 -0.50 0.617
SB MotifThree quantile hh -22.13 23.44 -0.94 0.345

Continued on next page
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Table B.12: GLM statistics of all features at bedtime to predict sleep onset latency. (Continued)

SC FluctAnal 2 rsrangefit 50 1 -1.77 8.09 -0.22 0.827
logi prop rl

SC FluctAnal 2 dfa 50 1 2 logi -1.72 5.51 -0.31 0.755
prop rl

SP Summaries welch rect centroid 23.75 31.63 0.75 0.453
FC LocalSimple mean3 stderr 36.56 26.20 1.40 0.163

B.13. Confounding test for sleep state space variable and feature
state space velocity (aligned to half sleep onset for each par-

ticipant)

The confounding test is done by aligning the time series of each participant to half their sleep
onset period and then averaged using the same bootstrapping approach with sample number
N = 200 as well. Given that the alignment is to half the sleep onset latency, the time period

for the time series is much shorter.
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Figure B.4: Confounding test for sleep state space variable and feature state space velocity
aligned to half sleep onset. (a) for the sleep state space variable s(¢) and (b) for the feature state space
velocity ||AZ||. The time series for each participant are aligned to half the sleep onset period and then averaged.
The horizontal line shows significant decreasing changes compared to the mean of the first 10 minutes, using the
right-tailed two-sample t-test with a p-value threshold of 0.025 dividing the total number of timestamps. The red
vertical dashed line shows the alignment point. The shaded area shows the standard error of the mean (s.e.m.)
around the mean value (black line).
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B.14. Sleep state space variable and feature state space velocity com-
parison between fast (< 40 minutes) and slow (> 60 minutes)

falling asleep groups

All participants are divided into two cohorts, with one fast sleep onset (latency < 40 minutes)
and one slow cohort (latency > 60 minutes). For each group, the group-averaged sleep state space
variable s(t) and feature state space velocity ||AZ|| are computed using the same bootstrapping
approach with minimum sample number 150 (to reconcile with the reduced samples in each
group). The fast cohort has a shorter time period available (starting from 19.5 minutes before
sleep onset), and a two-sided two-sample t-test is done to compare the differences between them

for the timestamps where both cohorts exist.
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Figure B.5: Sleep state space variable and feature state space velocity comparison between fast
(< 40 minutes) and slow (> 60 minutes) falling asleep groups. (a) for the sleep state space variable s(t)
and (b) for the feature state space velocity ||AZ||. The dynamics are compared between fast (< 40 minutes, blue
traces) and slow (> 60 minutes, black traces) falling asleep groups. The differences between them are tested
using the double-sided two-sample t-test with a p-value threshold of 0.05 dividing the total number of timestamps
available for testing, no significance is detected. The red vertical dashed line shows the sleep onset. The shaded
area shows the standard error of the mean (s.e.m.) around the mean value (solid line).

B.15. List of features in the hierarchical order in Figure 4.7

Table B.13: Feature names list in the hierarchical order in Figure 4.7. The names are original feature names

and their interpretation can be found in previous explanation tables.

Original feature names (in the hierarchical order top down)

DN OutlierInclude p 001 mdrmd

DN OutlierInclude n 001 mdrmd

Continued on next page
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Table B.13: Feature names list in the hierarchical order in Figure 4.7. The names are original feature names

and their interpretation can be found in previous explanation tables.

(Continued)

CO trev 1 num

DN HistogramMode 5

Phase amplitude coupling AB

DN HistogramMode 10

Peak alpha band frequency

Phase amplitude coupling TB

Temporal coherence beta band

SB TransitionMatrix 3ac sumdiagcov

Delta to theta ratio

SC FluctAnal 2 dfa 50 1 2 logi prop rl

beta power

Temporal coherence delta band

Peak theta band frequency

Temporal coherence theta band

Temporal coherence alpha band

Phase amplitude coupling DT

MD hrv classic pnn40

Phase amplitude coupling DB

Phase amplitude coupling DA

CO HistogramAMI even 2 5

Phase amplitude coupling TA

IN AutoMutuallnfoStats 40 gaussian fmmi

Delta to alpha ratio

Theta to alpha ratio

Peak beta band frequency

FC LocalSimple mean3 stderr

FC LocalSimple meanl tauresrat

SB MotifThree quantile hh

Continued on next page
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Table B.13: Feature names list in the hierarchical order in Figure 4.7. The names are original feature names

and their interpretation can be found in previous explanation tables. (Continued)

SP Summaries welch rect centroid

delta power

theta power

Theta to beta ratio

CO Embed2 Dist tau d expfit meandiff

SP Summaries welch rect area 5 1

alpha power

SB BinaryStats mean longstretchl

CO FirstMin ac

PD PeriodicityWang th0 01

Alpha to beta ratio

SB BinaryStats diff longstretch0

Delta to beta ratio

Transition power ratio

Peak delta band frequency

CO flecac

SC FluctAnal 2 rsrangefit 50 1 logi prop rl
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B.16. Confounding test for feature dynamic time-series in Figure 4.7

The same confounding test as previously, but now for the 47 feature dynamics time series. For
each participant, the feature time series are now aligned to half sleep onset period point and

then averaged with boostrapping of 200 samples.
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Figure B.6: Feature time series aligned to half of sleep onset point as a confounding test. The
features are arranged in the same hierarchical order as in Figure 4.7 for easy comparison.

B.17. Similarity score between the first two FPCs and all 47 features,

and explanation of the selected representative features

The similarity scores are computed between the FPCs and the features as in Equation 4.4. For
each FPC, there are two features selected to represent the dynamics in both positive (maximum

score) and negative (minimum score) directions.

Table B.14: Similarity score between the first two FPCs and all 47 features. The features selected with maxi-
mum and minimum values for each FPC are marked in red (for FPC1) and blue (for FPC2).

Feature names FPC1 Scores FPC2 Scores
delta power -0.97 0.27
theta power -1.00 0.06

Continued on next page
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Table B.14: Similarity score between the first two FPCs and all 47 features. The features selected with max-

imum and minimum values for each FPC are marked in red (for FPC1) and blue (for FPC2).

(Continued)

alpha power -0.99 -0.15
beta power -0.80 -0.51
Delta to theta ratio 0.48 0.94
Delta to alpha ratio -0.46 0.97
Delta to beta ratio -0.95 0.33
Theta to alpha ratio -0.85 0.57
Theta to beta ratio -0.99 0.12
Alpha to beta ratio -0.99 -0.11
Transition power ratio -0.94 0.37
Peak delta band frequency -0.99 0.08

Peak theta band frequency 0.69 -0.77
Peak alpha band frequency 0.34 0.69

Peak beta band frequency 1.00 -0.04
Temporal coherence delta band -0.92 -0.07
Temporal coherence theta band 0.68 -0.76
Temporal coherence alpha band 0.71 -0.73
Temporal coherence beta band 0.66 -0.21
Phase amplitude coupling DT 0.98 0.07
Phase amplitude coupling DA 0.96 0.17
Phase amplitude coupling DB 0.97 0.19
Phase amplitude coupling TA 0.90 0.30
Phase amplitude coupling TB 0.74 0.46
Phase amplitude coupling AB -0.38 0.45
DN HistogramMode 5 -0.35 -0.11
DN HistogramMode 10 0.40 0.06
CO flecac -1.00 -0.07
CO FirstMin ac -1.00 -0.09
CO HistogramAMI even 2 5 0.96 0.18

Continued on next page
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Table B.14: Similarity score between the first two FPCs and all 47 features. The features selected with max-

imum and minimum values for each FPC are marked in red (for FPC1) and blue (for FPC2).

(Continued)

CO trev 1 num -0.17 -0.14
MD hrv classic pnn40 0.99 0.03
SB BinaryStats mean longstretchl -1.00 0.01
SB TransitionMatrix 3ac sumdiagcov 0.77 -0.02
PD PeriodicityWang th0 01 -0.99 -0.12
CO Embed2 Dist tau d expfit meandiff -0.99 -0.12
IN AutoMutuallnfoStats 40 gaussian fmmi 0.96 0.25
FC LocalSimple meanl tauresrat 1.00 0.08
DN OutlierInclude p 001 mdrmd -0.10 0.04
DN OutlierInclude n 001 mdrmd -0.14 0.05
SP Summaries welch rect area 5 1 -1.00 -0.09
SB BinaryStats diff longstretch0 -0.99 -0.11
SB MotifThree quantile hh 1.00 0.09
SC FluctAnal 2 rsrangefit 50 1 logi prop rl -0.99 0.13
SC FluctAnal 2 dfa 50 1 2 logi prop rl -0.04 1.00
SP Summaries welch rect centroid 1.00 0.10
FC LocalSimple mean3 stderr 1.00 0.05

There are four features selected based on the scores: the peak beta band frequency and the total
EEG spectrum power for FPC1, the peak theta band frequency and the proportion of slower
timescale dynamics for FPC2. The first three features are straightforward to understand and
have been interpreted before. The last feature, ‘SC FluctAnal 2 dfa 50 1 2 logi prop rl’, is a
CATCH-22 feature, and the exact algorithmic details can be referred to in the paper Lubba
et al. (2019). Briefly, detrended fluctuation analysis (Peng et al., 1995) is applied, which is
a methodology to capture time series self-similarity and long-range correlations that exist in
power-law scaling dynamics (log-log linear patterns). The feature captures the percentage of
log-log linear scaling region. As an easy interpretation, the higher the output feature value,
the input time series would have higher self-similarity (slower fluctuation dynamics) over a
longer time range, or say, the signal is more predictable over a longer time range. From the
neuroscientific perspective, however, there have not been any studies to explain what this feature

exactly implies in EEG and how it is related to underlying neuronal mechanisms.
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B.18. Similarity between the feature time series to the control vari-

able time series ¢(t)

Table B.15: Similarity between the feature time series to the control variable time series c(t). The four key

dynamical features from FPCA are marked in bold, with the theta band peak frequency marked

in red for best similarity. The theta-to-alpha band power ratio had the highest absolute similarity
score (marked in blue). The theta band peak frequency had the smallest DTW distance.

DTW distance

Absolute similarity

score
delta power 66.35 0.93
theta power 66.30 0.86
alpha power 64.95 0.75
beta power 36.98 0.39
Delta to theta ratio 36.35 0.15
Delta to alpha ratio 54.17 0.86
Delta to beta ratio 66.09 0.94
Theta to alpha ratio 63.87 0.96
Theta to beta ratio 66.42 0.88
Alpha to beta ratio 65.40 0.78
Transition power ratio 65.82 0.95
Peak delta band frequency 64.57 0.87
Peak theta band frequency 7.03 0.94
Peak alpha band frequency 36.11 0.09
Peak beta band frequency 14.21 0.86
Temporal coherence delta band 52.37 0.75
Temporal coherence theta band 7.60 0.92
Temporal coherence alpha band 7.67 0.93
Temporal coherence beta band 15.73 0.70
Phase amplitude coupling DT 14.53 0.78
Phase amplitude coupling DA 17.44 0.71
Phase amplitude coupling DB 19.51 0.71

Continued on next page
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Table B.15: Similarity between the feature time series to the control variable time series c¢(t). The four key
dynamical features from FPCA are marked in bold, with the theta band peak frequency marked
in red for best similarity. The theta-to-alpha band power ratio had the highest absolute simi-
larity score (marked in blue). The theta band peak frequency had the smallest DTW distance.

(Continued)

Phase amplitude coupling TA 20.93 0.60
Phase amplitude coupling TB 28.23 0.35
Phase amplitude coupling AB 37.01 0.57
DN HistogramMode 5 33.58 0.23
DN HistogramMode 10 29.36 0.27
CO flecac 65.79 0.80
CO FirstMin ac 65.52 0.79
CO HistogramAMI even 2 5 18.58 0.70
CO trev 1 num 32.08 0.05
MD hrv classic pnn40 13.84 0.82
SB BinaryStats mean longstretchl 66.26 0.84
SB TransitionMatrix 3ac sumdiagcov 21.38 0.65
PD PeriodicityWang th0 01 65.28 0.77
CO Embed?2 Dist tau d expfit meandiff 65.31 0.77
IN AutoMutuallnfoStats 40 gaussian 22.82 0.66
fmmi

FC LocalSimple meanl tauresrat 18.07 0.80
DN OutlierInclude p 001 mdrmd 33.36 0.11
DN OutlierInclude n 001 mdrmd 33.82 0.15
SP Summaries welch rect area 5 1 65.62 0.79
SB BinaryStats diff longstretch0 65.38 0.78
SB MotifThree quantile hh 18.30 0.79
SC FluctAnal 2 rsrangefit 50 1 logi prop 66.33 0.89
rl

SC FluctAnal 2 dfa 50 1 2 logi prop 44.00 0.62
rl

SP Summaries welch rect centroid 18.93 0.78

Continued on next page
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Table B.15: Similarity between the feature time series to the control variable time series c¢(t). The four key
dynamical features from FPCA are marked in bold, with the theta band peak frequency marked
in red for best similarity. The theta-to-alpha band power ratio had the highest absolute simi-
larity score (marked in blue). The theta band peak frequency had the smallest DTW distance.
(Continued)

FC LocalSimple mean3 stderr 16.77 0.81

B.19. Table of p-values of the pair-wised Granger-causality test be-

tween the four key dynamical feature time series

Table B.16: Table of p-values of the pair-wised Granger-causality test between the four key dynamical feature
time series, with sources in columns and destination in rows. Significant p-values are marked in

red. There is no test for the feature time series itself, thus marked as NaN.

From Peak theta Peak beta Proportion of Total EEG

band band slower timescale spectrum
To frequency frequency fluctuations power
Peak theta band

NaN 0.002 0.054 0.041
frequency
Peak beta band

0.004 NaN 0.104 0.003
frequency
Proportion of
slower timescale 8.57 x10~7 0.638 NaN 0.599
fluctuations
Total EEG

0.114 0.176 0.149 NaN
spectrum power
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B.20. Group averaged early warning signal for a non falling asleep

transition period as controlled testing
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Figure B.7: Early warning signal in the sleep state variable for a control period without falling
asleep transition. a. The group-averaged (across 118 participants selected) autocorrelation (ii) and standard
deviation (iii) evaluated on a 20-minute non sleep onset period of the s time series for each participant. The
average sleep stages (i) for these participants are also plotted for comparison. The vertical red dashed line shows
the sleep onset. The shaded area shows the standard error of the mean (s.e.m.) around the mean value (black

line).

The EWS results shown here are for the 20-minute non falling asleep transition periods (the 50
to 30 minutes period before sleep onset). A left-tailed two-sample t-test is also applied to detect
significant increases (for all three) compared to the first 3 minutes, with a p-value threshold of

0.025, but no significance was detected thus, the plots do not have any horizontal lines.

B.21. The EWS results on exemplary participants and statistical meth-

ods for individual-level analysis

Three exemplary participants are chosen here to show their sleep state variable time series s, and

the EWS evaluated for them. To test statistically the increase of autocorrelation and standard
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deviation on the individual level, a surrogate-based method is used (Dakos et al., 2012). For
each participant’s time series, 1000 surrogate time series are generated from it using Ebisuzaki’s
method (Ebisuzaki, 1997). Basically, the algorithm will compute the time series power spectrum
but randomly shuffle the phases and do the inversed Fourier transform to get the surrogated
time series data. This is done 1000 times, where each surrogate time series will go through
the same computation of the EWS. Kendall’s tau coefficient is used to capture the correlations
between the EWS and time. Since the aim is to test whether the increase of autocorrelation or
standard deviation is due to chance, the tau values from the original time series are compared
to the 1000 surrogates. Taking a p-value threshold of 0.05, it means that if the tau values from
the original time series are greater than 95% of the values in the surrogates, the increase is very
unlikely by chance. Of course, for stronger statistical power, more surrogate time series can
be generated, but at the cost of a much heavier computation cost, as for one digit further, the
computation time will be multiplied by 10. Aside from the computational cost, this approach is
post hoc analysis where one needs decently long data to test on, therefore it is not feasible for

online prediction, especially in the scenario of sleep.
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Figure B.8: The EWS results for three exemplary participants (a-c). For each participant, the sleep
state variable s time series (i), the autocorrelation (ii) and standard deviation (iii) evaluated from s are plotted.
* implies a significant Kendall’s tau coefficient between autocorrelation or standard deviation with time, tested
against the values of the EWSs of 1000 surrogated time series of s. The p-value threshold is 0.05.

B.22. An exploration of the sleep state variable between healthy and
MCI cohorts in the Montreal dataset

This exploration in the Montreal dataset is preliminary. The results are constrained by the
sample numbers (30 samples only for the computation of s variable shown below), therefore the

dynamics might be a bit noisier; Further analyses have not continued yet on this database. The
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s dynamics of both cohorts show clearly the bifurcation pattern, although there are no obvious
differences between the dynamics of the two cohorts. The other methods used for evaluating

the s parameter are the same.
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Figure B.9: The dynamics of sleep state variable compared between healthy and MCI cohorts
in the Montreal dataset. The group-averaged temporal dynamics of sleep state variable s are computed in the
healthy (black) and MCI cohorts separately. Shown are the mean + standard error of the mean (s.e.m.) across
30 samples. The horizontal lines show timestamps with a significant decrease compared to the mean values of
the first 5 minutes of each cohort respectively, using the right-tailed two-sample t-test, with a p-value threshold
of 0.025. The blue vertical dashed line shows the sleep onset. The blue * marks significant differences between
the healthy and MCI cohorts at the specific timestamps, using a double-sided two-sample t-test with a p-value
threshold of 0.05.

B.23. Classification accuracy between bedtime and sleep onset for

each region separately and compared to global accuracy

Table B.17: Classification accuracy between bedtime and sleep onset for all features in each individual region.
The 4 key governing features are marked in red. The best accuracy of each feature among the 3

regions (channels) is marked in bold.

Feature names Frontal Posterior R- Global accuracy
(%) (%) Central (%)
(%)
delta power 67.22 80.19 79.75 76.08
theta power 67.78 77.13 77.81 74.1
alpha power 64.75 65.66 69.84 68.14

Continued on next page
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Table B.17: Classification accuracy between bedtime and sleep onset for all features in each individual region.
The 4 key governing features are marked in red. The best accuracy of each feature among the 3

regions (channels) is marked in bold. (Continued)

beta power 50.38 50.78 50.34 49.55
Delta to theta ratio 49.59 50.91 55.09 52.61
Delta to alpha ratio 54.88 62.56 55.88 57.19
Delta to beta ratio 63.56 74.31 73.84 70.95
Theta to alpha ratio 56.56 65.66 65.22 61.89
Theta to beta ratio 65.63 77.38 80.31 74.59
Alpha to beta ratio 64.47 67.84 72.03 69.39
Transition power ratio 62.63 73.97 73.34 69.85
Peak delta band frequency 57.28 67.09 70.84 64.79
Peak theta band frequency 51.03 57.19 54.81 53.81
Peak alpha band frequency 51.06 53.94 54.88 52.8
Peak beta band frequency 66.00 61.88 68.94 66.24
Temporal coherence delta band 52.25 53.66 53.84 52.98
Temporal coherence theta band 54.34 53.31 52.47 53.51
Temporal coherence alpha band 54.78 55.31 51.97 54.1
Temporal coherence beta band 52.69 54.22 53.03 53.17
Phase amplitude coupling DT 54.66 56.16 57.03 56.17
Phase amplitude coupling DA 54.03 51.78 54.13 53.85
Phase amplitude coupling DB 57.09 51.91 55.53 55.29
Phase amplitude coupling TA 50.53 52.25 53.00 52.56
Phase amplitude coupling TB 50.81 50.50 51.22 51.13
Phase amplitude coupling AB 50.56 50.69 50.97 50.57
DN HistogramMode 5 51.00 52.78 50.88 51.16
DN HistogramMode 10 50.44 50.16 49.09 49.15
CO flecac 71.84 77.22 65.47 71.64
CO FirstMin ac 65.69 72.13 58.41 65.12
CO HistogramAMI even 2 5 62.69 64.97 70.63 66.49
CO trev 1 num 57.47 59.91 50.38 52.07

Continued on next page
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Table B.17: Classification accuracy between bedtime and sleep onset for all features in each individual region.
The 4 key governing features are marked in red. The best accuracy of each feature among the 3

regions (channels) is marked in bold. (Continued)

MD hrv classic pnn40 59.56 68.41 59.19 63.25
SB BinaryStats mean longstretchl 71.03 76.03 74.00 74.18
SB TransitionMatrix 3ac 57.53 56.31 56.91 57.11
sumdiagcov

PD PeriodicityWang th0 01 64.50 69.91 55.94 63.08
CO Embed?2 Dist tau d expfit 74.09 75.81 69.69 72.45
meandift

IN AutoMutuallnfoStats 40 gaussian 55.97 54.59 55.28 55.64
fmmi

FC LocalSimple meanl tauresrat 56.06 56.69 66.00 60.49
DN OutlierInclude p 001 mdrmd 52.00 51.41 51.09 51.32
DN OutlierInclude n 001 mdrmd 52.34 52.34 51.38 51.6
SP Summaries welch rect area 5 1 69.81 73.16 72.44 72.54
SB BinaryStats diff longstretch0 60.06 63.09 64.22 65.06
SB MotifThree quantile hh 71.84 76.56 68.75 72.15
SC FluctAnal 2 rsrangefit 50 1 logi 58.72 65.91 68.97 63.76
prop rl

SC FluctAnal 2 dfa 50 1 2 logi prop 52.88 64.88 53.72 54.9
rl

SP Summaries welch rect centroid 74.19 76.34 71.50 73.62
FC LocalSimple mean3 stderr 67.28 70.22 71.81 70.63
Mean Accuracy 59.18 62.66 61.53 61.12

B.24. Hierchical clustering results for each EEG region separately in
the MESA dataset

The list of features in the hierarchical order for the results in the Posterior region (Cz-Oz channel)

shown in Figure 5.4:
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Table B.18: List of features in the hierarchical order in Figure 5.4. The classification accuracy and mean cluster

accuracy are also shown. Key features selected are marked in red and bold, while other cluster

centres not selected are marked in bold only.

Feature name Accuracy Mean accuracy
DN HistogramMode 10 50.22% 50.22%
DN HistogramMode 5 52.72% 52.72%
CO trev 1 num 59.91% 59.91%
Peak alpha band frequency 53.94% 53.94%
SB TransitionMatrix 3ac sumdiagcov 56.44%

60.72%
CO HistogramAMI even 2 5 65.00%
IN AutoMutualinfoStats 40 gaussian fmmi 54.59% 54.59%
FC LocalSimple meanl tauresrat 56.69% 56.69%
MD hr classic pnn40 68.53%
SB BinaryStats diff longstretch0 63.09%
PD PeriodicityWang th0 01 69.91%
CO FirstMin ac 72.12%
CO Embed?2 Dist tau d expfit meandiff 75.81%
CO flecac 77.22% 72.64%
SB MotifThree quantile hh 76.56%
SP Summaries welch rect centroid 76.34%
SP Summaries welch rect area 5 1 73.16%
FC LocalSimple mean3 stderr 70.22%
SB BinaryStats mean longstretchl 76.03%
Peak beta band frequency 61.88% 61.88%
Alpha to beta ratio 67.84%

66.75%
alpha power 65.66%
Peak delta band frequency 67.09% 67.09%
beta power 50.81% 50.81%
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 65.91%
Theta to beta ratio 77.44%
theta power 77.16%

Castadléd on next page



Section B.24 271

Table B.18: List of features in the hierarchical order in Figure 5.4. The classification accuracy and mean cluster
accuracy are also shown. Key features selected are marked in red and bold, while other cluster

centres not selected are marked in bold only. (Continued)

delta power 80.19%
Delta to beta ratio 74.38%
Transition power ratio 73.97%
Theta to alpha ratio 65.69%
Delta to alpha ratio 62.59%

56.69%
Delta to theta ratio 50.78%
SC FluctAnal 2 dfa 50 1 2 logi prop rl 64.88% 64.88%
Peak theta band frequency 57.19% 57.19%
Temporal coherence delta band 53.66% 53.66%
Temporal coherence theta band 53.31%

54.31%
Temporal coherence alpha band 55.31%
Temporal coherence beta band 54.25% 54.25%
Phase amplitude coupling DB 51.84% 51.84%
Phase amplitude coupling DA 51.84% 51.84%
Phase amplitude coupling DT 56.16% 56.16%
Phase amplitude coupling TA 52.25% 52.25%
Phase amplitude coupling TB 50.47% 50.47%
Phase amplitude coupling AB 50.72% 50.72%
DN OutlierInclude p 001 mdrmd 51.47%

51.91%
DN Outlierlnclude n 001 mdrmd 52.34%

The key features from this region have all been interpreted previously. The entropy feature was

interpreted in Appendix Table B.4.

The hierarchical clustering result for the Frontal region (Fz-Cz channel):
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[39] DN_Outlierinclude_p_001_mdrmd (52.00%)
[40] DN_Outlierinclude_n_001_mdrmd (52.38%)

[23] Phase_amplitude_coupling_TA (50.50%)

[24] Phase_amplitude_coupling_TB (50.81%)

[16] Temporal_coherence_delta_band (52.25%)

[17] Temporal_coherence_theta_band (54.34%)
[18] Temporal_coherence alpha_band (54.75%
[19] Temporal_coherence_beta_band (52.72%

0] Phase_amplitude_coupling_DT (54.66%)

[21] Phase_amplitude_coupling_DA (54.03%

[22] Phase_amplitude_coupling_DB (57.09%

[34] SB_TransitionMatrix_3ac_sumdiagcov (57.53%)
30] CO_HistogramAMI_even_2_5 (62.69%)

[37] IN AutoMutuaIInfoStats _40_gaussian_fmmi (55.97%
32] MD_hrv_classic_pnn40 (59.56%

[42] SB_BinaryStats_diff_longstretch0 (58.09%)

[29] CO_FirstMin_ac (65.69%

[35] PD_PeriodicityWang_th0_01 (64.50%

[36] CO_Embed2_Dist_tau_d_expfit_meandiff (74.09%)
[28] CO_f1ecac (71.84%)

[43] SB_MotifThree_quantile_hh (71.88%)

[46] SP_Summaries_welch_rect_centroid (74.19%)
[41] SP_Summaries_welch_rect_area_5_1(69.84%)
[47] FC_LocalSimple_mean3_stderr (67.34%

[33] SB_BinaryStats_mean_longstretch1 (71.03%
[38] FC_LocalSimple_mean1_tauresrat (56.06%)
[15] Peak_beta_band_frequency (66.00%)

3] alpha_power (64.78%)

[10] Alpha_to, beta ratio (64.44%)

[44] SC_FluctAnal_2_rsrangefit_50_1_logi_prop_r1 (58.72%)
[9] Theta_to_beta_ratio 6566%%

2] theta_power (67.84%

[1] delta_power (67.25%)

7] Delta_to_beta_ratio (63.53%

[11] Transition_power_ratio (62.62%

[8] Theta_to_alpha_ratio (56.62%)

[6] Delta_to_alpha_ratio (54.87%)

[5] Delta_to_theta_ratio (49.78%)

[45] SC_FluctAnal_2_dfa_50_1_2_logi_prop_r1 (52.88%)
[13] Peak_theta_band_frequency (51.03%)

[12] Peak_delta_band_frequency (57.25%)

4] beta_power (51.00%)

[14] Peak_alpha_band_frequency (51.06%)

[25] Phase_amplitude_coupling_AB (50.59%)

[31] CO_trev_1_num (57.44%)

[26] DN_HistogramMode_5 (51.03%)

[27] DN_HistogramMode_10 (50.44%)
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Figure B.10: The hierarchical clustering result of the features for classifying bedtime and sleep
onset state in the Frontal region. The feature names, along with its SVM accuracy, are shown on the left
side. The dendrogram of the hierarchical clustering is shown on the right with a clustering threshold of 0.5. The
green boxes show the features in the same cluster, with blue squares showing the cluster centre. Red squares
show the key features selected as the cluster centre with above 65% mean accuracy of all features in the cluster,
and the selected key feature names are marked in red.

There are two key features from this region, which are all interpreted previously. Their distri-

bution plots:
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Figure B.11: The distribution comparison between bedtime and sleep onset of the key features
selected from the Frontal region. (a) for the total EEG spectrum power with 69.84% accuracy; (b) for peak
beta band frequency with 66.00% accuracy; Blue indicates bedtime, and red indicates sleep onset. Y-axes show
the normalised feature values.
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The hierarchical clustering result for the Right-Central region (C4-M1 channel):

[25] Phase_amplitude_coupling_AB (51.00%)

[24] Phase_amplitude_coupling_TB (51.22%)

[23] Phase_amplitude_coupling_TA (52.97%)

[20] Phase_amplitude_coupling_DT (57.06%

[21] Phase_amplitude_coupling_DA (54.16%

[22] Phase_amplitude_coupling_DB (55.53%)

[45] SC_FluctAnal_2_dfa_50_1_2 logi_prop_r1 (54.59%)
[13] Peak_thefa_band_frequency (54.81%)

[1] delta_power (79.81%)

[7] Delta_to_beta_ratio (73.84%)

[11] Transition_power_ratio (73.41%)

[8] Theta_to_alpha_ratio (65.28%)

[6] Delta_to_alpha_ratio (55.84%)

[5] Delta_to_theta_ratio (55.03%

T4] beta_power (50.34%

[12] Peak_delta_band_frequency (70.84%)

[44] SC_FluctAnal_2_rsrangefit_50_1_logi_prop_r1 (68.97%)
[9] Theta_to_beta_ratio (80.38%)

[2] theta_power (77.78%)

[3] alpha_power (69.81%)

[k1 0] Alpha_to_beta_ratio (72.03%

[15] Peal beta band_frequency (68.94%

[30] CO_HistogramAMI_even_2_5 (70.62%)

[42] SB_BinaryStats_diff_longstretch0 (64.22%)

[47] FC_LocalSimple_mean3_stderr (71.88%)

[33] SB_BinaryStats_mean_longstretch1 (73.81%)
[41] SP_Summaries_welch_rect_area_5_1(72.47%)
[46] SP_Summaries_welch_rect_centroid (71.50%
[38] FC_LocalSimple_mean1_tauresrat (66.00%
[36] CO_Embed2_Dist_tau_d_expfit_meandiff (69.72%)
28] CO_f1ecac (65.47%

[43] SB_MotifThree_quantile_hh (68.72%

[29] CO_FirstMin_ac (58.41%)

[35] PD_PeriodicityWang_th0_01 (55.94%

[32] MD_hrv_classic_pnn40 (59.19%

[37] IN_AutoMutuallnfoStats_40_gaussian_fmmi (55.28%)
[34] SB_TransitionMatrix_3ac_sumdiagcov (56.91%)
[14] Peak_alpha_band_frequency (54.87%

[19] Temporal_coherence_beta_band (53.03%

[18] Temporal_coherence_alpha_band (51.97%)

17] Temporal_coherence_theta_band (52.47%

16] Temporal_coherence_delta_band (53.84%
O_trev_1_num (50.38%)

[26] DN_HistogramMode_5 (50.81%)

[27] DN_HistogramMode_10 (49.91%)

[40] DN_Outlierinclude_n_001_mdrmd (51.38%)
[39] DN_Outlierinclude_p_001_mdrmd (51.09%)
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Figure B.12: The hierarchical clustering result of the features for classifying bedtime and sleep
onset state in the Right-Central region. The feature names, along with its SVM accuracy, are shown on
the left side. The dendrogram of the hierarchical clustering is shown on the right with a clustering threshold of
0.5. The green boxes show the features in the same cluster, with blue squares showing the cluster centre. Red
squares show the key features selected as the cluster centre with above 65% mean accuracy of all features in the
cluster, and the selected key feature names are marked in red.

There are six key features from this region, and most of them are pretty intuitive or interpreted

previously. For the ‘Auto mutual information’ feature, see previous Appendix Table B.4. The

‘Proportion of slower timescale dynamics’ measures essentially the same property as previously

interpreted in Appendix B.17, but simply using a different algorithm (linearly detrending rather
than DFA, Lubba et al. (2019)). Their distribution plots:
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Figure B.13: The distribution comparison between bedtime and sleep onset of the key features

selected from the Right-Central region.

(a) theta band power with 77.78% accuracy; (b) low to high

frequency band power ratio with 73.41% accuracy; (c) total EEG spectrum power with 72.47% accuracy; (d)
peak beta band frequency with 68.94% accuracy; (e) auto mutual information 70.62% accuracy; (f) proportion of
slower timescale dynamics with 68.47% accuracy. Blue indicates bedtime, and red indicates sleep onset. Y-axes

show the normalised feature values.

B.25. The features added and statistics for the classification in Figure

5.5

Table B.19: The features added into the classification model in Figure 5.5 at each step, along with the accuracy

and F-score at that step. Shown are the mean + st.d. for the 10-fold leave-one-out cross-validation.

Feature Accuracy F-score

R-Central Theta band power 0.78 £ 0.02 0.78 £ 0.03
Posterior Entropy 0.83 £ 0.02 0.83 £ 0.02
Posterior Low-to-high frequency band power ratio 0.88 £ 0.02 0.87 £ 0.02
R-Central Low-to-high frequency band power ratio 0.89 4+ 0.01 0.89 4+ 0.01

Continued on next page
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Table B.19: The features added into the classification model in Figure 5.5 at each step, along with the accuracy

and F-score at that step. Shown are the mean + st.d. for the 10-fold leave-one-out cross-validation.

(Continued)
R-Central Total EEG spectrum power 0.89 + 0.01 0.89 £+ 0.01
R-Central Peak delta band frequency 0.89 £ 0.01 0.89 £ 0.01
R-Central Auto mutual information 0.89 £ 0.01 0.89 £ 0.01
Frontal Total EEG spectrum power 0.89 £ 0.02 0.89 £+ 0.02
R-Central Proportion of slower timescale dynamics 0.89 4+ 0.02 0.89 + 0.02
Posterior Alpha to beta band ratio 0.89 £+ 0.01 0.89 + 0.02
Posterior Peak delta band frequency 0.90 £ 0.02 0.90 £ 0.02
Frontal Peak beta band frequency 0.90 £+ 0.01 0.90 + 0.01

B.26. The theoretical model fitting on the s time series dynamics of

each region separately

a Frontal b Posterior

R-Central

-60 -50 -40 -30 -20 -10 0 10 -60 -50 -40 -30
Time (min) Time (min)

Figure B.14: The theoretical model fitting on the sleep state variable time series dynamics of
each region separately. (a) for Frontal, (b) for Posterior and (c) for R-central. shown are mean + standard
error of the mean (s.e.m.) across 200 samples. The black lines are the s time series, with the shaded error bar

-10 0 10

showing the s.e.m. The blue lines show the results from the best-fitted theoretical model from Equation (4.1).

For Frontal region: r = 6.73, K = 3.48, h = 0.52 and m = 0.095, the best-fit model has an
R-squared of 0.928 and root-mean-squared-error 0.05; For the Posterior: r = 6.16, K = 4.06,
h = 0.48 and m = 0.099, the best-fit model has an R-squared of 0.933 and root-mean-squared-
error 0.08; For the Right-Central: » = 5.18, K = 4.46, h = 0.59 and m = 0.092, the best-fit

model has an R-squared of 0.930 and root-mean-squared-error 0.09.
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B.27. The continuous feature dynamics for the three different regions
in the MESA dataset

Using exactly the same methodology and algorithms (bootstrapping control), the feature dy-
namics are plotted for the feature data in each region separately. For the dynamics in each
region, and for each feature, the feature values are firstly z-score normalised to all timestamps of
all participants (all-region z-score normalisation) and then normalised to the sleep-onset values
of each region respectively. Therefore one should take care when comparing directly the z-score
values between different regions shown in the figure. The features are arranged in the same

hierarchical order as previous global results (Appendix Table B.13), for easy visual comparison
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Figure B.15: The continuous feature dynamics for the 3 different regions (Frontal, Posterior
and Right-Central) in the MESA dataset. The features are arranged in the same hierarchical order as in
Appendix Table B.13 (the same as the group-level plots in Chapter 4), with the original feature names shown on
the left side for easy checks. The feature values for each region are z-scores normalised to the sleep-onset values
of each region itself, respectively.

In essence, the FPCA shows that the governing dynamics for the three regions are almost similar
to each other, with slight differences in the amount of variance explained. The FPC scores for

all the features in the different regions are shown in the following table:

Table B.20: The FPC similarity scores between all the features and the FPCs identified from the feature
dynamics in each region, respectively. The selected most representative features for each FPC or

each region are marked in red and bold.

Frontal Posterior R-Central

Feature names

FPC1 | FPC2 | FPC1 | FPC2 | FPC1 | FPC2

Continued on next page
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Table B.20: The FPC similarity scores between all the features and the FPCs identified from the feature
dynamics in each region, respectively. The selected most representative features for each FPC or

each region are marked in red and bold. (Continued)

delta power 0.84 0.57 -0.99 0.20 0.99 0.17
theta power 0.96 0.30 -1.00 0.02 1.00 -0.03
alpha power 1.00 -0.06 -0.96 -0.32 0.99 -0.19
beta power 0.81 -0.51 -0.19 -0.70 0.75 -0.43
Delta to theta ratio -0.34 0.95 -0.44 1.00 -0.76 0.82
Delta to alpha ratio -0.31 1.00 -0.85 0.61 0.65 1.00
Delta to beta ratio 0.72 0.72 -0.98 0.24 0.99 0.22
Theta to alpha ratio -0.26 1.00 -0.94 0.40 0.97 0.29
Theta to beta ratio 0.90 0.45 -1.00 0.06 1.00 0.00
Alpha to beta ratio 1.00 0.05 -0.97 -0.26 0.99 -0.17
Transition power ratio 0.55 0.88 -0.97 0.27 0.99 0.21
Peak delta band frequency 0.87 0.38 -0.99 0.03 1.00 0.02
Peak theta band frequency 0.50 -0.86 0.95 -0.34 -0.89 -0.54
Peak alpha band frequency 0.93 -0.04 0.69 0.63 -0.83 0.61
Peak beta band frequency -0.99 -0.13 1.00 -0.04 -1.00 0.01
Temporal coherence delta band 0.77 0.12 -0.87 -0.27 0.93 -0.16
Temporal coherence theta band -0.70 -0.66 0.66 -0.83 -0.73 -0.85
Temporal coherence alpha band -0.69 -0.69 0.72 -0.77 -0.72 -0.84
Temporal coherence beta band -0.73 -0.24 0.77 -0.36 -0.44 -0.22
Phase amplitude coupling DT -0.96 0.02 0.94 0.16 -0.97 0.10
Phase amplitude coupling DA -0.97 0.11 0.67 0.42 -0.93 0.18
Phase amplitude coupling DB -0.98 0.14 0.72 0.35 -0.94 0.25
Phase amplitude coupling TA -0.50 0.34 0.75 0.44 -0.92 0.31
Phase amplitude coupling TB -0.33 0.33 0.06 0.41 -0.80 0.47
Phase amplitude coupling AB 0.67 0.18 -0.32 0.13 -0.16 0.57
DN HistogramMode 5 0.31 0.08 -0.70 -0.20 -0.50 -0.02
DN HistogramMode 10 -0.08 -0.05 0.52 0.21 -0.20 0.07
CO flecac 1.00 -0.02 -0.99 -0.16 1.00 0.01

Continued on next page
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Table B.20: The FPC similarity scores between all the features and the FPCs identified from the feature
dynamics in each region, respectively. The selected most representative features for each FPC or

each region are marked in red and bold. (Continued)

CO FirstMin ac 1.00 -0.05 -0.98 -0.20 0.99 0.01
CO HistogramAMI even 2 5 -0.88 0.28 0.90 0.23 -0.98 0.10
CO trev 1 num 0.48 -0.17 -0.75 -0.30 -0.66 0.12
MD hrv classic pnn40 -0.99 -0.01 0.99 0.15 -0.94 -0.17
SB BinaryStats mean longstretchl 0.99 0.11 -1.00 -0.06 1.00 0.00
SB TransitionMatrix 3ac sumdiagcov -0.73 -0.16 0.63 -0.09 -0.86 -0.01
PD PeriodicityWang th0 01 0.99 -0.09 -0.98 -0.23 0.99 -0.01
CO Embed2 Dist tau d expfit meandiff 1.00 -0.07 -0.98 -0.21 0.99 -0.12

IN AutoMutuallnfoStats 40 gaussian fmmi -0.96 0.23 0.72 0.66 -0.98 0.10

FC LocalSimple meanl tauresrat -1.00 -0.01 0.99 0.19 -1.00 0.07
DN OutlierInclude p 001 mdrmd 0.10 0.03 -0.08 0.00 0.05 0.03
DN OutlierInclude n 001 mdrmd 0.11 0.03 -0.11 0.03 0.10 0.01
SP Summaries welch rect area 5 1 1.00 -0.02 -0.99 -0.20 1.00 -0.07
SB BinaryStats diff longstretch( 1.00 -0.06 -0.98 -0.22 1.00 -0.07
SB MotifThree quantile hh -1.00 0.05 0.99 0.18 -1.00 -0.01
SC FluctAnal 2 rsrangefit 50 1 logi prop rl 0.76 0.58 -1.00 0.07 1.00 -0.03
SC FluctAnal 2 dfa 50 1 2 logi prop rl -0.51 0.81 -0.74 0.68 0.11 0.94
SP Summaries welch rect centroid -1.00 0.06 0.99 0.20 -1.00 0.05
FC LocalSimple mean3 stderr -1.00 -0.07 0.99 0.16 -1.00 0.06

B.28. The distribution statistics of the two key feature types at bed-

time and sleep onset between all region pairs (for Figure 5.9)

Table B.21: The distribution statistics of the two key feature types at bedtime and sleep onset between all
region pairs (for Figure 5.9). Shown are the mean =+ st.d. for the feature values distribution

statistics, and the p-values are from the two-sided two-sample t-test.

Names Bedtime Sleep Onset p-value

Continued on next page
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Table B.21: The distribution statistics of the two key feature types at bedtime and sleep onset between all

region pairs (for Figure 5.9). Shown are the mean + st.d. for the feature values distribution

statistics, and the p-values are from the two-sided two-sample t-test. (Continued)
Frontal vs Posterior Pearson 0.17 £ 0.26 -0.11 £ 0.22 6.35E-54
Frontal vs R-Central Pearson 0.07 £ 0.22 -0.19 £ 0.19 2.40E-63
Posterior vs R-Central Pearson 0.33 + 0.22 0.50 £+ 0.17 5.72E-33
Frontal to Posterior Transfer Entropy 0.12 £ 0.09 0.36 £ 0.10 8.02E-171
Posterior to Frontal Transfer Entropy 0.12 £ 0.08 0.37 £ 0.10 9.48E-177
Frontal to R-Central Transfer Entropy 0.09 £ 0.07 0.32 £ 0.11 3.88E-163
R-Central to Frontal Transfer Entropy 0.09 £+ 0.07 0.31 £ 0.11 2.52E-158
Posterior to R-Central Transfer Entropy 0.08 4+ 0.07 0.31 + 0.10 1.23E-174
R-Central to Posterior Transfer Entropy 0.08 4+ 0.07 0.28 + 0.09 1.54E-169
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B.29. Hierarchical clustering of all the inter-regional interaction fea-

tures without combining into categories in the MESA dataset

The top 60 features (based on their individual classification accuracy between bedtime and sleep
onset) are chosen out of the 240 interactional features, and the same hierarchical clustering
pipeline is applied to extract the key features without consideration of the feature type. The

result is shown in the below figure:
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Figure B.16: The hierarchical clustering of the 60 top-performing interactional features in the
MESA dataset. The feature names, along with their classification accuracy, are shown on the left side. The
correlation map between all features is shown with the absolute correlation coefficient shown as the grey scales
(colour bar at the bottom). The green boxes show the features clustered together, and the blue squares show
the cluster centroid features. Red squares and feature names marked in red show the key features selected. The
dendrogram for hierarchical clustering is shown on the right side.

There are four key features selected using a criterion of cluster centroid with a mean cluster
accuracy above 70% accuracy: the coupling between theta band phase of Posterior and beta
band amplitude of R-Central; the transfer entropy from Posterior to Frontal; the DTF at theta
band from Right-Central to Frontal, and the Pearson correlation between Frontal and Right-
Central. The distributions for the transfer entropy and Pearson correlation have already been

shown in the main text, here the two other features are shown.
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Coupling between theta band DTF from R-Central to Frontal at
a phase of Posterior & beta band b theta band (74.63%)
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Figure B.17: The specific inter-regional features distribution differences between bedtime and
sleep-onset (selected from hierarchical clustering). a. the coupling between theta band phase of Posterior
and beta band amplitude of R-Central; b. the DTF at theta band from R-Central (Right-Central) to Frontal. The
p-values using a two-sided two-sample t-test between bedtime and sleep onset show significance in both features
(p < 0.0005). Blue shows bedtime and red shows sleep-onset. The accuracy for that specific feature is shown
along with the feature name.

B.30. The distribution statistics of all the TE features at bedtime and
sleep onset between all region pairs in the Montreal dataset
(for Figure 5.11)

Table B.22: The distribution statistics of all the TE features at bedtime and sleep onset between all region
pairs in the Montreal dataset (for Figure 5.11). Shown are the mean + st.d. for the feature values

distribution statistics, and the p-values are from the two-sided two-sample t-test.

Name Bedtime Sleep onset p-value
Frontal to Central Transfer Entropy 0.11 4+ 0.06 0.19 4+ 0.07 1.86E-11
Central to Frontal Transfer Entropy 0.10 £+ 0.06 0.21 £+ 0.07 6.78E-17
Frontal to Parietal Transfer Entropy 0.15 4+ 0.08 0.24 £+ 0.09 2.93E-10
Parietal to Frontal Transfer Entropy 0.13 £ 0.07 0.24 £+ 0.08 2.90E-12
Central to Parietal Transfer Entropy 0.11 4+ 0.06 0.21 4+ 0.07 8.91E-14
Parietal to Central Transfer Entropy 0.10 £ 0.06 0.18 £ 0.06 2.21E-10
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B.31. Results for the re-referenced Montreal dataset and comparison

to the previous results
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Figure B.18: Hierarchical clustering of the inter-regional interaction features (arranged in each
category) that distinguish bedtime and sleep-onset in the re-referenced Montreal dataset (Fz-Cz,
Cz-Pz, C4). The feature type name, along with the average accuracy, is shown on the left side. The average
within-type correlation is shown on the left diagonal, with the between-type correlation shown between each pair,
and the correlation strength is shown as the grey scale (colour bar at the bottom). The dendrogram is shown on
the right side, with a clustering threshold of 0.5. The green boxes show the feature types clustered together, and
the blue boxes show cluster centres. The selected key feature types are marked in red names and red squares.

The classification accuracies between bedtime and sleep onset for all feature types are compared
in the below table, between the MESA dataset, the raw Montreal dataset (Fz, Cz and Pz), and
the re-referenced Montreal dataset (Fz-Cz, Cz-Pz, and C4).

Table B.23: Table of classification accuracies for each inter-regional feature type in MESA and Montreal
datasets (Raw and Re-referenced). Shown are the mean accuracies of each feature type. The

two key selected feature types (in the MESA dataset) are marked in red.

Feature type MESA | Montreal Raw Montreal Re-Ref —
Re-Ref Raw

Pearson 71.20% 53.08% 61.03% 7.95%

Cross correlation 68.83% 61.03% 56.67% -4.36%

Continued on next page
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Table B.23: Table of classification accuracies for each inter-regional feature type in MESA and Montreal

datasets (Raw and Re-referenced). Shown are the mean accuracies of each feature type. The

two key selected feature types (in the MESA dataset) are marked in red. (Continued)
Cross covariance 64.13% 74.87% 76.41% 1.54%
Power band ratio 64.62% 67.56% 67.28% -0.28%
Coherence 58.26% 60.00% 55.90% -4.10%
Partial directed coherence 62.15% 57.59% 56.03% -1.56%
Directed transfer function 62.84% 56.50% 57.56% 1.06%
Phase amplitude coupling 72.83% 62.76% 58.76% -4.00%
Synchronization likelihood 51.12% 59.74% 51.54% -8.20%
Cross bispectrum 50.26% 51.37% 50.90% -0.47%
Transfer entropy 88.79% 74.87% 79.62% 4.75%
Mutual information 81.00% 52.05% 77.69% 25.64%
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B.32. The continuous inter-regional interactional dynamics for all

features during falling asleep

The exact feature names for this plot will not be listed due to the space limit and very little

scientific value.
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Figure B.19: The continuous inter-regional interactional dynamics for all features during falling
asleep, from 60 minutes prior to sleep onset to 10 minutes after. The feature values are z-score normalised
to the 1-minute sleep onset. Sleep onset is marked in the dashed vertical black line. The features are arranged
(on the y-axis) in a sequential order based on the feature type: Pearson (3 features), Cross-correlation (3), Cross-
covariance (3), Power band ratios (30), Coherence (21), DTF (36), PDC (36), PAC (36), Cross-bispectrum (60),
Synchronisation likelihood (3), MI (3) and TE (6). In total, 240 features are shown.

B.33. The continuous inter-regional interactional feature dynamics

plot for some specific feature categories

For all the six features in the TE type:
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Figure B.20: The continuous feature dynamics of the six TE features in the MESA dataset from
60 minutes prior to sleep onset to 10 minutes after. The features are z-score normalised to the sleep onset
(with colour scale showing z-score values), and the specific region pairs (including directions) are shown on the
left. The vertical dashed line in the colourmap shows the sleep onset, and the horizontal lines divide the different
region pairs.

For all the thirty features in the DTF type:

Sleep onset

Frontal to Posterior DTF delta
Frontal to Posterior DTF theta
Frontal to Posterior DTF alpha
Frontal to Posterior DTF betat
Frontal to Posterior DTF beta2
Frontal to Posterior DTF beta3

Frontal to R-Central DTF elta ORI WIR LTI | [
Frontal to R-Central DTF theta ‘

Frontal to R-Central DTF alpha i} | I [ | |
Frontal to R-Central DTF betat ||| 0l | l | I 1! |

ntral DTF beta2 ‘ w M | ’w |

niral DTE beta 1110 1A | |

o Frontal DTF delta ]
Posterior to Frontal DTF theta | | LI
Posterior to Frontal DTF alpha | | 1 | ] ( [ | i\ Hp HNI” '\ “ W ‘N‘ HH |
Posterior to Frontal DTF betat | il ¢ | [ TR F
Posterior to Frontal DTF beta2 TV |
Posterior to Frontal DTF beta3 i |
Posterior to R-Central DTF delta || | | AL I | | I | I | i 1 ‘! i ‘ ‘
i

0.8

0.6

0.2

I

Z-score

Posterior to R-Central DTF theta i I
Posterior to R-Central DTF alpha | | | | | 1l
Posterior to R-Central DTF beta I
Posterior to R-Central DTF beta2
Posterior to R-Central DTF beta3
R-Central to Frontal DTF defta
R-Central to Frontal DTF theta
R-Central to Frontal DTF alpha
R-Central to Frontal DTF beta1
R-Central to Frontal DTF beta2
R-Central to Frontal DTF beta3
R-Central to Posterior DTF delta U
R-Central to Posterior DTF theta

R-Central to Posterior DTF alpha | N O 11
R-Central to Posterior DTF betat
R-Central to Posterior DTF beta2 (I 0
R-Central to Posterior DTF beta3 |

+-0.2

O e o o o -] ————

I Hid
EEERCECIEEY

O ©® © ¥ N O ® ©

14

Figure B.21: The continuous feature dynamics of the thirty DTF features in the MESA dataset
from 60 minutes prior to sleep onset to 10 minutes after. The features are z-score normalised to the sleep
onset (with colour scale showing z-score values), and the specific region pairs (including directions) are shown
on the left. The vertical dashed line in the colourmap shows the sleep onset, and the horizontal lines divide the
different region pairs.
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For all the thirty features in the cross-channel power band ratio type:
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Figure B.22: The continuous feature dynamics of the thirty cross-channel power band ratio
features in the MESA dataset from 60 minutes prior to sleep onset to 10 minutes after. The features
are z-score normalised to the sleep onset (with colour scale showing z-score values), and the specific region pairs
(including directions) are shown on the left. The vertical dashed line in the colourmap shows the sleep onset, and

the horizontal lines divide the different region pairs.

The table of inter-regional FPC similarity scores for all the features mentioned previously (TE,

DTF and power band ratios):

Table B.24: Table of the inter-regional FPC similarity scores for all the TE (6), DTF (30), and power band

ratio (30) features (between all region pairs and directions).

Names FPC1 FPC2
Transfer entropy

Frontal to Posterior Transfer Entropy 1.00 -0.01

Posterior to Frontal Transfer Entropy 1.00 -0.01

Frontal to R-Central Transfer Entropy 1.00 0.01

R-Central to Frontal Transfer Entropy 1.00 0.00

Posterior to R-Central Transfer Entropy 1.00 -0.01

R-Central to Posterior Transfer Entropy 1.00 -0.03
DTF

Frontal to Posterior DTF delta 0.98 -0.11

Continued on next page
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Table B.24: Table of the inter-regional FPC similarity scores for all the TE (6), DTF (30), and power band

ratio (30) features (between all region pairs and directions). (Continued)
Frontal to Posterior DTF theta 0.94 -0.32
Frontal to Posterior DTF alpha 0.39 -0.92
Frontal to Posterior DTF betal 0.49 -0.82
Frontal to Posterior DTF beta2 0.35 -0.89
Frontal to Posterior DTF beta3 0.29 -0.88
Frontal to R-Central DTF delta 0.99 -0.08
Frontal to R-Central DTF theta 0.99 -0.08
Frontal to R-Central DTF alpha 0.98 -0.13
Frontal to R-Central DTF betal 0.98 -0.09
Frontal to R-Central DTF beta2 0.97 -0.12
Frontal to R-Central DTF beta3 0.97 -0.07
Posterior to Frontal DTF delta -0.99 0.17
Posterior to Frontal DTF theta -0.99 0.12
Posterior to Frontal DTF alpha -0.99 0.08
Posterior to Frontal DTF betal -0.99 0.10
Posterior to Frontal DTF beta2 -1.00 0.05
Posterior to Frontal DTF beta3 -1.00 0.04
Posterior to R-Central DTF delta 0.98 -0.04
Posterior to R-Central DTF theta 0.98 0.05
Posterior to R-Central DTF alpha 0.97 0.10
Posterior to R-Central DTF betal 0.90 0.27
Posterior to R-Central DTF beta2 0.88 0.25
Posterior to R-Central DTF beta3 0.66 0.48
R-Central to Frontal DTF delta -0.99 0.13
R-Central to Frontal DTF theta -1.00 0.07
R-Central to Frontal DTF alpha -1.00 0.01
R-Central to Frontal DTF betal -1.00 0.04
R-Central to Frontal DTF beta2 -1.00 0.00

Continued on next page
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Table B.24: Table of the inter-regional FPC similarity scores for all the TE (6), DTF (30), and power band

ratio (30) features (between all region pairs and directions). (Continued)

R-Central to Frontal DTF beta3 -1.00 -0.01
R-Central to Posterior DTF delta 0.92 -0.24
R-Central to Posterior DTF theta 0.07 -0.91
R-Central to Posterior DTF alpha -0.71 -0.68
R-Central to Posterior DTF betal -0.85 -0.46
R-Central to Posterior DTF beta2 -0.83 -0.52
R-Central to Posterior DTF beta3 -0.85 -0.49
Power band ratios

Frontal vs Posterior delta delta ratio -0.99 0.16
Frontal vs Posterior delta theta ratio -0.84 0.55
Frontal vs Posterior delta alpha ratio -0.19 1.00
Frontal vs Posterior delta beta ratio 0.74 0.68
Frontal vs Posterior theta theta ratio -0.96 0.26
Frontal vs Posterior theta alpha ratio -0.42 0.92
Frontal vs Posterior theta beta ratio 0.87 0.49
Frontal vs Posterior alpha alpha ratio -0.56 0.82
Frontal vs Posterior alpha beta ratio 0.99 0.07
Frontal vs Posterior beta beta ratio -0.82 0.26
Frontal vs R-Central delta delta ratio -0.98 0.19
Frontal vs R-Central delta theta ratio -0.88 0.47
Frontal vs R-Central delta alpha ratio -0.51 0.87
Frontal vs R-Central delta beta ratio 0.80 0.61
Frontal vs R-Central theta theta ratio -0.97 0.22
Frontal vs R-Central theta alpha ratio -0.78 0.63
Frontal vs R-Central theta beta ratio 0.93 0.36
Frontal vs R-Central alpha alpha ratio -0.95 0.26
Frontal vs R-Central alpha beta ratio 0.99 -0.06
Frontal vs R-Central beta beta ratio -0.48 -0.66

Continued on next page
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Table B.24: Table of the inter-regional FPC similarity scores for all the TE (6), DTF (30), and power band

ratio (30) features (between all region pairs and directions). (Continued)

Posterior vs R-Central delta delta ratio 0.35 0.35
Posterior vs R-Central delta theta ratio 0.75 0.64
Posterior vs R-Central delta alpha ratio 0.90 0.42
Posterior vs R-Central delta beta ratio 0.99 0.14
Posterior vs R-Central theta theta ratio -0.91 0.00
Posterior vs R-Central theta alpha ratio 0.93 0.31
Posterior vs R-Central theta beta ratio 1.00 -0.01
Posterior vs R-Central alpha alpha ratio -0.84 -0.48
Posterior vs R-Central alpha beta ratio 0.94 -0.33
Posterior vs R-Central beta beta ratio 0.23 -0.86

B.34. A zoom-in of specific regional band power dynamics for illus-

tration

This appendix provides clear plots of the Frontal delta-band dynamics, and the alpha dynamics
from Right-Central and Posterior; The exact dynamics have previously been shown in Appendix

B.27 already but in as a colourmap.

Frontal Delta b Posterior Alpha c R-Central Alpha

-0.2:

Normalised Feature Value
Normalised Feature Value
Normalised Feature Value

-0.3:

-0.4 -1
-60 -50 -40 -30 -20 -10 0 10 -60 -50 -40 -30 -20 -10 0 10 -60 -50 -40 -30 -20 -10 0 10
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Figure B.23: The Frontal delta band dynamics (a) and the alpha dynamics in the Posterior (b)
and Right-Central (c) region, from 60 minutes prior to sleep onset to 10 minutes after. The feature
values are z-score normalised to the sleep onset, with the red dashed line showing the z-score value as 0. This
plot is a zoom-in of the three specific features in Appendix Figure B.15.
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B.35. The p-value tables for the Granger causality test between all

the regional and inter-regional FPC dynamics

Table B.25: The p-value tables for the Granger causality test between all pairs of the regional and inter-regional
FPC dynamics. The significant ones are marked in bold and red. The left diagonal is NaN, as

causal interactions between oneself have no meaning.

To

FPC1 FPC1 FPC1 FPC1 FPC2 FPC2 FPC2 FPC2

From Frontal | Poste- R- Inter- Frontal | Poste- R- Inter-
rior Central | Regional rior Central | Regional

FPC1 Frontal NaN 0.71 0.10 0.30 0.74 0.10 0.36 0.06
FPC1 0.48 NaN 0.43 0.04 0.81 0.47 0.36 4.85E-
Posterior 03
FPC1 0.04 0.09 NaN 0.15 0.96 0.67 0.83 0.24
R-Central
FPC1 0.10 0.01 8.74E- NaN 0.56 0.97 0.95 0.18
Inter-Regional 04
FPC2 Frontal 0.18 0.56 0.51 0.06 NaN 0.46 0.38 0.01
FPC2 0.49 0.22 1.00 0.45 9.63E- NaN 0.01 0.35
Posterior 04
FPC2 0.11 0.03 0.40 0.98 0.53 0.84 NaN 0.06
R-Central
FPC2 0.51 0.36 0.80 5.38E- 0.41 0.59 0.43 NaN
Inter-Regional 04
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B.36. Phase histogram at stimulation onset for all 32 channels
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Figure B.24:

Phase histogram at stimulation onset for all 32 channels, arranged in a frontal to

posterior sequence. The channel names are marked above the histogram, with probability density also marked
on the polar plots. The phase histograms are plotted with bin size 10°.

The phase distribution statistics of all 32 EEG channels (Notice again that Fz, P9 and P10 were

interpolated):

Table B.26: The phase distribution statistics at stimulation onset for all 32 EEG channels, with the Fz, P9 and

P10 signals interpolated.

Channel

Resultant

Rayleigh p-value

Mean phase (°) St.d. phase

Fpl

0.90

1.84E-08

74.86 26.04

Continued on next page
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Table B.26: The phase distribution statistics at stimulation onset for all 32 EEG channels, with the Fz, P9 and
P10 signals interpolated. (Continued)

Fz 0.97 6.36E-11 84.93 13.55
F3 0.91 8.89E-09 82.26 24.52
F7 0.40 0.06 -39.93 62.71
F9 0.89 3.01E-08 -82.39 27.07
FC5 0.50 0.01 42.33 57.26
FC1 0.99 9.81E-12 87.41 8.30
C3 0.85 1.88E-07 89.28 30.90
T7 0.90 1.46E-08 -78.89 25.56
CP5 0.98 3.58E-11 -87.06 12.08
CP1 0.70 0.00 106.89 44.69
Pz 0.45 0.03 127.01 60.28
P3 0.79 4.15E-06 -108.00 37.50
p7 1.00 3.58E-12 -89.56 4.04
P9 1.00 3.81E-12 -89.31 4.41
01 0.99 9.31E-12 -95.10 8.13
Oz 0.99 1.58E-11 -99.22 9.80
02 0.96 2.80E-10 -104.26 17.05
P10 0.89 3.30E-08 -94.02 27.26
P8 0.87 7.07E-08 -97.06 28.85
P4 0.30 0.21 135.65 67.62
CP2 0.86 1.21E-07 100.36 29.97
CP6 0.03 0.99 48.01 79.80
T8 0.66 0.00 -64.56 47.06
C4 0.99 6.59E-12 89.40 6.89
Cz 0.97 5.31E-11 95.99 13.10
FC2 0.99 6.99E-12 87.90 7.11
FC6 0.95 5.89E-10 79.16 18.71
F10 0.84 3.46E-07 -78.92 32.18

Continued on next page
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Table B.26: The phase distribution statistics at stimulation onset for all 32 EEG channels, with the Fz, P9 and
P10 signals interpolated. (Continued)

F8 0.79 3.26E-06 64.35 36.97
F4 0.98 2.43E-11 85.15 11.03
Fp2 0.94 9.69E-10 79.85 19.80

B.37. Phase histogram at stimulation onset for Fz channel in the

single-channel phase-locking EEG system

Fz — 5Hz band
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120° 05 60°
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150° “‘ 30°
180° 0°
210° 330°

240° 300°
270°

Figure B.25: Phase histogram at stimulation onset for Fz channel in the single-channel phase-
locking EEG system. The histogram was plotted with a bin size of 10°, with probability density shown on the
polar plot.
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B.38. Feature-based classification between audio and control condi-

tions in the last 3 minutes of nap
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Figure B.26: Feature-based classification between audio and control conditions in the last 3
minutes of nap. The feature names, along with their accuracies (linear SVM model), are shown on the left side.
The correlation map shows the inter-feature Pearson correlations (from 0 to 1) with colour scales shown on the
bottom. The dendrogram for the hierarchical clustering is shown on the right side, with a clustering threshold of
0.5. Green boxes show the features that are clustered together; Blue squares show the cluster centroids.

B.39. The model statistics for FNAT performance comparison be-

tween audio and control groups in Figure 6.11

The percentage of each response type was compared and contrasted using the multi-nomial logis-
tic regression model. The model was fitted in R using multinom function with the formula ‘Re-
sponseType Condition’, with ‘Target’ response type as the intercept. The model statistics were
evaluated using the Type II Wald Chi-squared tests with Kenward-Roger correction for degrees

of freedom, with results: Degree of freedom 2, x? = 6.33 and p = 0.04. The model coefficients de-
P(Response="Foil') _ p _ 0.86
P(Response="Targel') ¢~

and p = 0.01, and Pﬁ?ﬁ’;’;‘jﬁ;;’?ﬁ;‘ﬁﬁg') = e = 0.92 and p = 0.32. The post hoc contrasts

from the estimated marginal means are shown in the table below.

noting the relative probability (contrasted to the level Target):
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Table B.27: The post hoc contrasts of the percentage of response in each response type between audio and

control groups. SE: standard error; Df: Degree of Freedom; t-stat: t-statistic.

Contrasts in response percentage Estimate SE Df t-stat p-value
Target, Control-Audio -0.029 0.002 4 -2.391 0.075
Foil, Control-Audio 0.025 0.011 4 2.306 0.082
Distractor, Control-Audio 0.004 0.008 4 0.488 0.651

The GLME model was fitted for the prediction of response time (RT) using the formula: ‘RT ~
StimType:RespType + (1|S_ID) + (1|block)’, where ‘StimType’ denotes the stimulation type,

‘RespType’ denotes the response type, ‘S_ID’ denotes the participant ID and ‘block’ denotes

the block ID. The model statistics were evaluated using Type II Wald Chi-squared tests with

Kenward-Roger correction for degrees of freedom.

Table B.28: The GLME model statistics for prediction of the response time (RT). Shown is the analysis of
variance (ANOVA) table using Type II Wald Chi-squared tests with Kenward-Roger correction for

degrees of freedom. Df: degree of freedom.

Fixed effect names Df p-value
Stimulation Type (Audio or control) 0.13 1 0.714
Response Type (Target, Foil or Distractor) 326.82 2 <2E-16
Stimulation Type x Response Type 13.40 2 0.001

By estimating marginal means from the GLME model, the RT in each response type can be

contrasted between conditions. The results are shown in the table below:

Table B.29: The post hoc contrasts of the response time (RT) in each response type between audio and control

groups. SE: standard error; z-stat: z-statistic. The degree of freedom was set to infinite.

Contrast of RT Estimate SE z-stat p-value
Target, Control-Audio 0.005 0.220 0.022 0.98
Foil, Control-Audio -0.293 0.235 -1.249 0.21
Distractor, Control-Audio -0.374 0.255 -1.467 0.14

Similarly, the CLMM model was fitted to predict the confidence using the formula: ‘Confidence ~
StimType:RespType + (1|S_ID) + (1|block)’, with the same denotation as in the GLME model.
The model statistics were evaluated using Type II Wald Chi-squared tests with Kenward-Roger

correction for degrees of freedom.
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Table B.30: The CLMM model statistics for prediction of the confidence. Shown is the analysis of variance
(ANOVA) table using Type II Wald Chi-squared tests with Kenward-Roger correction for degrees
of freedom. Df: degree of freedom.

Fixed effect name X2 Df p-value
Stimulation Type (Audio or control) 0.70 1 0.40
Response Type (Target, Foil or Distractor) 1640.92 2 <2E-16
Stimulation Type x Response Type 7.03 2 0.03

The post hoc contrasts within each response type between the stimulation conditions by esti-

mating marginal means:

Table B.31: The post hoc contrasts of the confidence in each response type between audio and control groups.

SE: standard error; z-stat: z-statistic. The degree of freedom was set to infinite.

Contrast of confidence Estimate SE z-stat p-value
Target, Control-Audio -0.144 0.296 -0.488 0.626
Foil, Control-Audio -0.388 0.304 -1.274 0.203
Distractor, Control-Audio -0.473 0.325 -1.456 0.145

The group-level statistics for the response type percentage, response time, and confidence are

shown in the table below:

Table B.32: The group-level statistics for the response type percentage, response time, and confidence (mean

=+ s.e.m.) in each response type and stimulation condition.

Stimulation | Response Response percentage Response time Confidence
Type (%) (s)
Control Target 58.30 £ 2.39 3.28 + 0.13 2.96 + 0.12
Control Foil 24.33 £1.92 4.37 £ 0.22 1.86 £ 0.15
Control Distractor 11.58 £ 1.13 4.65 + 0.28 1.56 £ 0.11
Audio Target 60.53 + 2.93 3.27 + 0.10 3.05 + 0.12
Audio Foil 21.82 £ 1.68 4.55 £ 0.17 2.09 + 0.12
Audio Distractor 11.07 £ 1.71 4.78 £ 0.25 1.71 £ 0.13
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