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This thesis centers on the vital process of sleep and its profound influences on various
dimensions of human life, with focus on connections between sleep and aspects of well-being.
This thesis adopts a multidisciplinary approach, wherein each chapter examines sleep from a
different perspective with the goal of fostering a nuanced dialogue on the multifaceted nature of
sleep. Chapter | lays the groundwork for understanding sleep's adaptive nature and its essential
role in survival, exploring the neurobiology of sleep timing and its functions in promoting physical
and mental well-being. The chapter also delves into the causes of sleep disruption and introduces
various research methods, setting the stage for subsequent chapters.

Chapter 11, representing the behavioral perspective of sleep, investigates the effects of

contextual fear on circadian rhythms. The study reveals that exposure to a fearful context can re-



establish abnormal circadian activity patterns, contributing to an understanding of the intersection
between sleep disruptions and conditions like post-traumatic stress disorder. Chapter llI,
showcasing a computational perspective of sleep, introduces a web-based automated sleep scoring
method This tool, utilizing machine learning, exhibits high accuracy in scoring sleep in mice,
showcasing its potential to expedite the sleep research process. Chapter 1V, using a philosophical
perspective of sleep, examines historical biases in sleep research that continue to perpetuate
sociocultural disparities. The framework of intersectionality is employed to highlight biases
against women and non-White individuals, emphasizing the need of recognizing and accounting
for systemic bias in scientific inquiry.

The final chapter synthesizes these perspectives to underscore the unique dialogue generated
by the juxtaposition of seemingly disparate viewpoints. The interdisciplinary nature of the thesis
allows for a comprehensive exploration of sleep, unveiling insights that may be missed when
studied in isolation. This approach emphasizes the importance of adopting diverse perspectives to
capture the complexities inherent in sleep, promoting inclusivity and representation in scientific
exploration. Such unique dialogues that emerged when concurrently considering different
viewpoints during the process of researching sleep subsequently pave the way for unique avenues
of inquiry, thereby advocating for increased conscious effort to unite different viewpoints in sleep

research.
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Chapter I. MAKING THE BED: AN INTRODUCTION TO SLEEP
AND SLEEP RESEARCH

Sleep is essential for life. As humans, we spend roughly '3 of our lives asleep. Along with
air, food, water, shelter, clothing, and human contact, sleep is considered to be a fundamental
human necessity.! When deprived of any one of these necessities, an individual’s general functions
— including physical and mental — are drastically impacted, potentially threatening the
individual’s continued survival.® Investigations into the role of sleep have gone back centuries,
with the Ancient Greek philosopher Aristotle further highlighting the oppositional status sleep
appears to hold with wakefulness, and the temporary loss of function that seemingly occurs during
sleep.* Despite the vulnerable position it places us in, we continue to feel pressure to sleep.’ From
the effects of sleep deprivation and its debilitating impacts on wellbeing,®° to how we individually
experience sleep (e.g., a bad night’s sleep leaving us with low energy and a bad mood in the
morning), or even how we communicate these experiences to others (e.g., sleep and dreams are a
frequent topic in contexts ranging from casual conversation to acclaimed poetry), it is clear that
sleep has a critical role in our wellbeing.®

This holds true for most animal species; while the average amount of time spent asleep
differs (humans, ~8 hours per day; mice, ~12 hours; elephants, ~2 hours), the need for and purpose
of sleep is generally maintained from species to species.>? Sleep may, in part, serve to balance
energy expended with energy acquired during wake.!! For instance, when an animal is not actively
acquiring and consuming food for energy, merely expending this energy without replenishment is
a risk to survival.>'° Similarly, there may be brain-specific metabolic demands that can only be

addressed via restful sleep (as opposed to merely resting while conscious or non-restful
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unconsciousness), and not addressing these needs may lead to impaired functioning.’**2 As part
of this, sleep may serve to best support specific metabolic processes and healthy development (e.g.,
babies tend to require greater amounts of sleep in part due to higher energy demand and to sustain
neurodevelopmental processes),>!* as well as to serve to bolster restorative processes in the body
(apparent during times of illness when the body requires greater amounts of sleep®) and in the brain
(when the brain clears away accumulated toxins'®21%) noe 1.

Another core function of sleep is its promotion of memory consolidation.'* While memory
encoding and recall primarily occur during wake, the brain undergoes processes during sleep to
organize and strengthen these new memories.®> Memory consolidation primarily occurs during
stages of deep sleep, during which traces of new memories are reactivated and redistributed
throughout the brain, thereby improving memory retention.** These periods of deep sleep are
separated by periods of a phase called rapid eye movement (REM) sleep — a state characterized by
increased neural activity despite continued body immobility (leading to this state previously being
referred to as 'paradoxical sleep'). In addition to being the sleep stage primarily associated with the
experience of vivid dreams, REM may also promote emotional memory processing.*® Finally,
sleep deprivation acutely impairs memory function (in addition to other cognitive functions, such
as attention and learning),® further emphasizing the crucial role of sleep in maintaining healthy
memory and cognitive function.

Given its accompanying vulnerability, sleep may also interact with and influence emotional
wellbeing. A common adaptation in social species that face increased risk of predation is group
sleeping, wherein members of the group sleep in close proximity to one another.*” Occupying the

same space as another member in a social group can give a sense of security due to the presence

L For further evaluation of sleep in the context of health and development, please refer to section 2, ‘functions of
sleep, effects of sleep disruption.’
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of other members in the group, concurrently leading to greater chances of surviving the night and
better sleep quality.'®'° Compared to individual sleeping, group sleeping leads to positive changes
in sleep quality in a variety of species including mice,?° doves and mallards,?* rhesus monkeys,??
and humans.? This is particularly relevant for beings with limited self-care abilities, such as
human infants who are dependent on caregivers during their early years. It is likely due to this
pressure for security that, in humans, sharing a bed with another may function as a form of
psychosocial support note 2: For humans, those who have never shared a bed as infants with their
parents may grow to be more anxious and have lower self-esteem than those who had shared a
bed?*; for heterosexual couples, individuals report better sleep quality and emotional wellbeing
after bed-sharing with their partner, despite objective measures indicating poorer sleep.*® These
examples show that the socio-cognitive benefits of group sleeping are conserved across age and
species.

What | hope is clear in this introduction is the multifaceted impact of sleep, both good and
bad. Just as sleep serves as a central pillar in physical and mental health, so it does to support
psychosocial health. Rather than a period marked primarily by loss of function, as conceptualized
by Aristotle, sleep may instead be a period marked by its support of many aspects of living despite
or even due to the immobility that generally accompanies the state. Thus, to better understand the
function of sleep and to set the stage for investigations described later in this dissertation, 1 will
first introduce the mechanisms of sleep: In section 1, | walk through how the timing of sleep is
regulated, with emphasis on circadian rhythms and neural mechanisms underlying these rhythms,

as well as the different stages of sleep. In section 2, | explore the interactions between the brain

2 Crucial to bed-sharing/co-sleeping is trust. Without trust, sharing a space — much less a bed — with another may
prove more harmful than helpful. The potential security imparted would be annulled by the potential stress of
allowing a stranger access to you when at your most vulnerable.*® This topic will be more fully explored in section 3
of this chapter, as well as Chapter IV of the dissertation.
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and the rest of the body in the context of sleep, as well as give a more thorough exploration of the
role of sleep and the effects of sleep disruption. In section 3, | examine potential routes through
which sleep disruptions may occur, focusing on internal factors, external factors, and interactions
between the two. In section 4, | will introduce three primary methods of studying sleep: human
studies, animal models, and the use of artificial intelligence. Finally, in the final section, I will
provide an outline for the following four chapters, as well as justification for the structure of this
dissertation. While this will require simplifying some details (entire books have been written about
sleep, let alone a single function of sleep), my goal is to introduce concepts that will later be further
explored in forthcoming chapters, with focus on those concepts that will serve as a consistent

undercurrent throughout.

Li NEUROBIOLOGY OF SLEEP TIMING.

With the wake phase capturing the majority of animal intentional behavior, the sleep phase
represents its complementary counterpart in the sleep-wake cycle. When we are asleep, we are
largely immobile, have higher thresholds to respond to stimuli, and cognitive functioning that
occurs during wake (e.g., consciousness) is generally absent.?® Colloquially, we think of the sleep-
wake cycle as being strongly coupled with the day/night (or light/dark, LD) emerging from the
solar day. For diurnal species such as humans, this means the animal is awake and active during
the day (when it is light) and asleep during the night (when it is dark). Conversely, for nocturnal
species such as mice, the animal is most active during the night and sleeps during the day. While
there are other patterns of sleep-wake cycles,?® what is clear across each of these activity patterns
is their close relationship with the solar day — a relationship primarily relies on internal processes

of endogenous clocks and homeostatic sleep pressure.?’



l.i.1  Origin of the sleep-wake cycle.

One of the most significant contributors to the sleep-wake cycle is the organism’s circadian
system.* Circadian rhythms have been found not only in animals, but also in plants,® fungi,® and
even single-cell organisms,*?® underscoring the widespread presence of circadian rhythms and
their likely adaptive value in many forms of life. These are biological, endogenous rhythms that
synchronize numerous physiological functions to a daily 24-hour cycle (Figure 1, red line). In
absence of an exogenous time cue (or zeitgeber; German for ‘time-giver’), animals adopt a pattern
of behavior known as free-running,?® wherein the animal’s circadian rhythms adopt a period of
approximately, but not exactly, 24 hours (with some animals having periods somewhat shorter,
such as in nocturnal organisms, and others somewhat longer such as in diurnal organisms).>*° This
definition is captured by the term’s combination of the Latin words circa (meaning ‘about’) and
dian (meaning ‘a day’), signifying that, in absence of exogenous time cues, the animal’s
endogenous rhythms approximate the length of a day. In order to generate rhythmic outputs that
are as close to 24 hours as possible, biological clocks rely on the presence of a cyclic, exogenous
cue — a zeitgeber — to entrain them, allowing the timing of endogenous rhythms to match the
timing of the exogenous cue.® This term also captures the close relationship between endogenous
clocks and the LD cycle (arguably the most salient zeitgeber), but does not preclude the ability for
endogenous clocks to entrain to other stimuli so long as these stimuli reliably occur at regular
intervals and, crucially, have a period of 24 hours.%® Consequently, this means that cyclic non-
photic stimuli, such as temperature cycles,?*2° food availability,>~! social cycles,?® or even time-

specific fear®? noe 3, may also serve to entrain circadian rhythms®®

% For further discussion on fear and entrainment, as well as on conflicting zeitgebers, please see Chapter |1 of this
dissertation.
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Acting relatively independently yet in tandem with the animal’s endogenous rhythm, a
second contributor to the sleep-wake cycle is homeostatic pressure for sleep (Figure 1, purple line).
Unlike circadian rhythms (which run autonomously and are in principle independent of the sleep-
wake state), homeostatic pressure can be seen as the accumulation of sleep-promoting substances
(e.g., cerebral adenosine monophosphate and extracellular adenosine, both associated with lower
available energy for the brain') that occurs during the period of time spent awake and only
decreasing when asleep.*** When this pressure is not sufficiently relieved during a bout of sleep
(due to not enough sleep or poor sleep quality, as more sleep is not necessarily restorative sleep®),
it manifests as what is known as ‘sleep debt’ — ‘left-over’ homeostatic pressure from the previous
day that may impair functioning during wake.3-3’

These two factors — the animal’s endogenous circadian rhythm and the time spent awake-
dependent, homeostatic sleep pressure — make up the two-process model of sleep-wake
regulation, and they coalesce to determine the animal’s sleep drive (Figure 1, blue line).* When
this sleep drive is at its nadir (often shortly after wake), the animal is at its most alert and awake;
when it’s at its peak, the animal’s energy is at its lowest and most driven to sleep. However, both
processes are not necessarily static. For instance, older human adults generally require less sleep
than young adults, likely due to decreased rise of homeostatic pressure during wake as well as
weaker circadian rhythm amplitudes.®® While the neural basis for homeostatic regulation of sleep
are not fully characterized, the region most responsible for maintenance of circadian rhythms

throughout the lifespan is the suprachiasmatic nucleus of the hypothalamus.*3+3%
l.i.2  Suprachiasmatic nucleus and peripheral clocks.

The suprachiasmatic nucleus (SCN) is a small cluster of neurons located in the

hypothalamus that serves circadian regulatory functions for most behavioral and physiological
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processes, including entrainment to photic stimuli, timing of hormonal secretion, and coordination
of ‘peripheral clocks’ found throughout the body.*3* The SCN regulates photic entrainment
through projections received from melanopsin-containing intrinsically photosensitive retinal
ganglion cells (ipRGCs)® via the retinohypothalamic tract, where light activation of ipRGCs
increases SCN activity.*** Even in the absence of photic input, the SCN’s clock continues to
function, regulating the release of the sleep-associated hormone melatonin as a result of its control
of pineal gland activity timing (albeit in a near-24-hour rhythm).**4% In this instance, the pineal
gland represents an example of a peripheral clock whose timing is governed by the SCN — the
‘central clock’. This role as the central clock becomes evident when typical SCN function is
disrupted:*3* For instance, when the SCN is isolated or ablated, behavioral and physiological
circadian rhythms are lost, and peripheral clocks do not cease to function but instead fall out of
sync with one another without the coordinating signals of the SCN.**° Additionally, when
transplanting an SCN from a donor animal to a host animal, the endogenous period of circadian
output (determined by locomotor activity) matches that of the donor animal.*! This highlights the
hierarchical relationship where the SCN coordinates activity in peripheral clocks and thereby
indirectly controls expression of circadian rhythms throughout the body.

While this hierarchy is the case for most situations,® it can be altered under specific
conditions. As previously mentioned, organisms are capable of entraining to non-photic stimuli,?®-
33 and there are primarily two scenarios in which entrainment to non-photic stimuli can exert
control of circadian expression above that generated by the SCN: the first involves the photic
pathway being disrupted in some way, whether through the absence of an LD cycle (e.g.,
entrainment to food restriction or behavioral arousal can occur under constant lighting

conditions®?), hampering retinal inputs (e.g., blind mice, bats, and humans are capable of entraining
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to social stimuli®?), or blocking SCN outputs to peripheral clocks (e.g., applying tetrodotoxin to
the SCN, preventing its synaptic signaling while preserving cellular rhythmicity®?). In this
scenario, with the output of the central clock effectively dampened, outputs from peripheral clocks
may drive behavior. The second scenario is one in which a non-photic zeitgeber is sufficiently
potent and physiologically relevant to entrain peripheral clocks and oppose or even supersede
control of the SCN even in presence of an LD cycle. For example, rabbits may be capable of
entraining to restricted food availability cycle during a standard LD cycle, despite conflicting
zeitgebers.31* This suggests that, even in the presence of conflicting zeitgebers, an animal may be
able to shift behavioral rhythms to respond to stimuli that may be more biologically relevant note 3,

highlighting the plasticity of sleep timing and its role in survival.
L. FUNCTIONS OF SLEEP, EFFECTS OF SLEEP DISRUPTION.

Part of the importance of sleep in the physical and mental wellbeing across all animals may
lie in its restorative qualities.’® For example, when ill, others often provide the gentle suggestion,
‘get some rest’, emphasizing our recognition of the unseen recovery that often occurs when we get
quality sleep. Even when otherwise healthy, we still informally recognize sleep hygiene as
something we ought to strive for; despite inconclusive research on whether it truly serves as an
effective therapeutic practice note 4, We acknowledge that we ought to avoid eating, exercising,

stressing oneself out, consuming caffeine or other stimulants, and staring at one’s phones prior to

4 As indicated in the referenced article, potential reasons behind these inconclusive results regarding sleep hygiene
are: 1, lacking or unclear results from direct evaluations of sleep hygiene; 2, vague and inconsistent
recommendations; 3, lack of guidance regarding implementation. They also note the lack of attention given on
individual differences (e.g., sleep hygiene recommends not taking naps, despite some potentially needing naps to
function or some societies experiencing naps as integral to their cultures*) and that some of these behaviors, such as
consuming alcohol, may occur as a result from pre-existing disorders.* In effect, the concept of sleep hygiene
appears to behave as more of a prescriptive ideal than a reality of what is most healthy for the individual. These
ideas will be explored more fully in Chapter IV of this dissertation.
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bed in order to ensure good and healthy sleep hygiene.*® The thought is that, by ensuring our sleep

is as healthy as possible, the result will be a net benefit for body and mind.*®
l.il.1 Restorative processes of sleep, consequences of sleep disruption and deprivation.

Homeostasis refers to the physiologically optimal ‘balance’ of the body’s different
functions — a “default’ setting of the body, in a sense.?* In this view, a primary goal of sleep is
to return the body to this default state, with homeostatic sleep pressure being one example of the
internal signaling that occurs to promote this return to baseline.*®*’ Sleep deprivation may cause
disruptions in inflammatory processes as well as alter release of growth hormones, hindering the
healing process.*’ Similarly, sleep deprivation may lead to elevated levels of cortisol, a hormone
commonly associated with stress, suggesting a dysregulating effect on the hypothalamic—
pituitary—adrenal axis.*® Additionally, sleep may be required to recover from physical fatigue, with
animals showing changes in neural sleep patterns following exercise.®” As these findings suggest,
not only does sleep deprivation manifest as greater ‘wear and tear’ on the body, but — as to be
expected — in the brain as well.

The role of sleep as recovery similarly manifests in the brain, as during sleep the brain uses
cerebrospinal fluid to clean accumulated neurotoxic waste (such as proteins implicated in
neurodegenerative diseases, e.g., B-amyloid), thereby acting as a neuroprotective process.!%!3
Sleep deprivation additionally affects socioemotional functioning, with sleep-deprived individuals
having poorer emotional regulation, greater emotional reactivity, increased feelings of anxiety,
stress, and depression, and resulting increases in interpersonal conflict.® Central to both of these
examples is the impact of sleep deprivation on cognitive function.®” Prolonged sleep deprivation
leads to intensifying deficits in near global cognitive performance, including specific functions

such as attention, decision making, verbal fluency, and executive function.® These declines in
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cognitive function are likely mediated by changes in synaptic function caused by sleep loss, which
alters synaptic plasticity and signaling.*

Of the many neurocognitive processes reliant on sleep, two cognitive functions most
impacted by the effect of sleep deprivation on synaptic function are learning and memory454°
note 5. FOr instance, sleep is required for hippocampus-dependent memory consolidation, as this
process entails taking neural representations of memories from temporary storage in the
hippocampus and moving them to more stable storage.'**® This storage process, as well as the
strengthening and integration of these new memories, may be delayed until the animal is able to
sleep.*® However, not all sleep is made equal in its influences of memory function. Better

understanding the role of sleep in healthy functioning — especially for learning and memory —

means understanding neural dynamics occurring during sleep.
l.il.2  Sleep stages and sleep architecture.

After the initial division between behavioral sleep and wake, sleep in higher vertebrates
itself can be broadly divided into two distinct stages: non-REM (NREM) sleep, characterized by
neural oscillations with high power in low frequency bands (<4 Hz), thalamic sleep spindles (14-
16 Hz), and sharp-wave ripples (100-300 Hz); and REM sleep note 5, Characterized by neural
oscillations resembling that of neural activity during wake, primarily in the theta band (4-8 Hz),
and the presence of ponto-geniculo-occipital (PGO) waves.'>*%°! The interactions between and
roles of each of the two stages in memory consolidation are summarized by the sequential and

active system consolidation hypothesis, which proposes differential roles of NREM and REM sleep

> For further discussion on circadian rhythm-related changes in synapses and plasticity, please read the forthcoming
dissertation by, as of this writing, soon-to-be Dr. Alex Neitz.

5 Named thusly due to the rapid eye movement activity that generally accompanies this phase as measured using
electrooculography in humans.*
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in long-term memory storage.'* In this hypothesis, sequential refers to the tendency of REM sleep
to follow NREM sleep, while active system consolidation refers to recently encoded memories
being distributed throughout the memory-encoding neuronal network.*

According to this hypothesis, during NREM sleep, adaptive memories (i.e., information
relevant to survival) are strengthened and moved from temporary storage in the hippocampus (a
structure located in the temporal lobe of the cortex and implicated in learning and memory
formation®?) to more stable, long-term storage in the neocortex.>*4° Central to this process is the
generation of sleep spindles, short bursts of 14-16 Hz neural oscillations that occur during the
memory consolidation phase and serve to induce phase-locking between the neocortex, thalamus,
and hippocampus.®'452 Optogenetic stimulation resembling spindles, synchronized with slow
cortical oscillations, has been shown to promote adaptive memory consolidation, with optogenetic
spindle inhibition impairing adaptive memory consolidation,® suggesting a role of sleep spindles
in memory consolidation.®*>® Additionally, hippocampal sharp-wave ripple activity present
during NREM sleep may serve to promote long-term memory storage through its interactions with
anterior cingulate cortex neurons, a critical area for long-term memory.>* In some animals, NREM
can be further sub-divided into three stages (where stage 3 is referred to as ‘slow-wave sleep’ or
‘deep-sleep’), with each stage exhibiting relatively more or less of these neural features
represented in NREM sleep.*>%° Through these processes, NREM primarily serves to restructure
memory representations in neocortical networks for future retrieval.

During the second stage, REM sleep, adaptive memories stored in the neocortex during
NREM sleep are reactivated to increase stability and integration of these memories within
previously existing memory networks.® The visual similarity of REM neural traces to those of

wake is partly attributable to the high power present in the theta frequency band, with inputs from



12

the basal forebrain innervating the amygdala, the hippocampus, and driving theta activity in wake
and REM sleep, but less so in NREM sleep.>! In wake, these inputs aid in sensory processing and
cortical plasticity (among other functions), while during REM sleep they may aid in reinforcing
newly stored memories, particularly and possibly driving the vivid dreams that often accompany
sleep.!>% Additionally, in rodents, PGO wave generation is similarly thought to be linked with
memory consolidation in both the hippocampus and the amygdala.®® These interactions with the
amygdala — a neural structure primarily associated with emotion processing — underscore the
potential role of REM in processing emotionally salient (i.e., adaptive) memories.'® While not yet
entirely understood, these findings suggest that REM primarily promotes further integration and
strengthening of adaptive memories as well as processing particularly for memories with
emotional content. %16

Due to the sequential nature of these two stages of sleep, animals have developed a
generally conserved temporal arrangement of sleep stages during a bout of sleep known as sleep
architecture.*>%° During sleep, healthy adult humans tend to cycle between sleep stages through
the night, with NREM sleep being more dominant in earlier sleep cycles of the sleep bout and
REM sleep being more dominant later cycles (Figure 2).1%1550 Sleep architecture is an important
component of sleep hygiene, changing in response to increased homeostatic sleep pressure (e.g.,
after pulling an all-nighter to write a dissertation) or desynchronization of circadian rhythms (e.g.,
flying to a city three time zones away).>® Disruptions in sleep architecture are a common
component of many physical and mental disorders,>® and can occur even without sleep deprivation
(e.g., experience of trauma can alter timing of both NREM and REM stages).>® When examining

the various factors capable of disturbing sleep architecture, along with the underlying endogenous
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rhythms and homeostatic pressure governing the timing and architecture of sleep, it becomes clear

how the mechanisms behind these disruptions may vary depending on their source.

l.ili CAUSES OF SLEEP DISRUPTION AND DEPRIVATION.

Sleep is a remarkably plastic and sensitive process that can readily respond to a range of
different influences. Because of its fundamental role in overall wellbeing, this adaptive nature is
inclined to promote healthy outcomes but may also lead to both short- and long-term adverse
consequences. For instance, sleeping in a new environment can lead to acute sleep disruptions (a
phenomenon known as the first night effect, where the brain is temporarily more attentive to
external stimuli accompanying the new context, metaphorically ‘sleeping with one eye open’),*®
while other experiences may lead to longer-lasting, chronic sleep disruptions.” The primary factors
governing this difference between acute vs. chronic sleep disruptions can be simplified into two
categories: The first category is internal factors, including genetic predispositions, influences that
lead an individual to be more- or less-likely to develop sleep disorders, and comorbid disorders,
where sleep disruptions occur as a result of or in tandem with some other disorder. The second
category is external factors, particularly the physical and sociocultural environment, which
captures the ways in which one’s physical, built and socioemotional environments interact to
promote or prevent sleep. Importantly, these two categories are by no means separate; genetic
predisposition often leads to long-term sleep problems,®” while physical and sociocultural
environments can play a role in the development of disorders that lead to sleep disruptions (e.g.,
depression, anxiety).%®%° These factors are very closely intertwined as the intensity with which
either influence sleep depends on interactions between the two. These interactions can be viewed

in the way in which they lead to the emergence of long-standing physiological responses.
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lili.1 Internal factors: genetic predispositions and comorbidities.

Given that genome is traditionally regarded as the ‘blueprint of life’®® noe 7, and, as
previously described, genetics naturally play a role in sleep regulation and disruption in humans,
it follows that genetic predisposition is a crucial factor for various sleep related disorders, shaping
not only how and when we sleep, but also our vulnerability to sleep-related health conditions. For
instance, family history of insomnia (sleeping too little) or hypersomnia (sleeping too much) can
increase an individual’s likelihood of developing a sleep disorder themself.>’ In monozygotic twins
(i.e., those who share 100% of their genome), if one twin has restless leg syndrome (a sleep
disorder marked by the urge to move one’s body), the other twin has a higher likelihood of
developing it as well.?® Similarly, about 34% of variability in sleep quality may be attributed to
genetics.%! Certain circadian disorders have been linked to mutations in specific clock genes,
altering expression of endogenous clocks.®*

In mammals, activity of these clocks relies on the interaction of two core clock genes:
Clock and Bmal1 (with homologues found in other species).3*5762 Simplifying the pathways, Clock
and Bmall encode for two independent yet functionally related proteins; circadian locomotor
output cycles kaput (CLOCK) and brain and muscle Arnt-like protein 1 (BMAL1).3462 Both
proteins support proper circadian rhythmicity and are consequently expressed in virtually all cells
exhibiting circadian oscillations.%? These proteins heterodimerize to form a transcriptional
activator complex that targets downstream core clock genes including Period genes (Perl, Per2,

Per3), Cryptochrome genes (Cryl, Cry2), and PAS proteins. The protein products of these genes

" Note the phrasing ‘traditionally regarded.” This conception, while capturing the key role the genome plays in just
about all of life, simultaneously casts the genome in a misleadingly expansive role. Some argue it would be more
accurate to view the genome as providing a list of materials required for the specific organism, with the actual
building of the organism occurring with everything from the individual cell to the environment within which the
organism grows.%
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inhibit the transcriptional activity of the CLOCK:BMAL1 complex and in doing so inhibit their

own transcription, ultimately forming a transcriptional feedback loop between the
CLOCK:BMAL1 complex and its downstream targets.>?5"62 As suggested in rodent models,
Bmall may be particularly crucial for proper circadian rhythm expression, as deletion of this gene
results in circadian arrhythmicity and sleep fragmentation.®?°” On the other hand, Clock may be
crucial for maintenance of circadian rhythms, with mutations of this gene causing loss of
rhythmicity in constant conditions.?

Despite not necessarily arising from mutations in clock genes, sleep disorders are a
common comorbidity in many physiological and neuropsychiatric disorders.%® For instance,
individuals with chronic pain often experience insomnia, leading to reduced sleep quantity and
quality and changes in sleep architecture.®® Similarly, individuals with neuropsychiatric disorders
such as depression or schizophrenia commonly experience sleep disorders (more often insomnia
than hypersomnia).®® However, the direction of this influence is unclear. Given the role sleep plays
in cognitive and emotional wellbeing, lack of sleep due to insomnia may lead to greater likelihood
of developing a psychiatric disorder,®® with its treatment leading improved psychiatric
symptoms.® Conversely, these psychiatric disorders may instead represent the primary condition,
and treating them may in turn treat the comorbid symptoms of sleep disturbance.?® Further

complicating this is not only the genetic influences on the potential development of

neuropsychiatric disorders, but also influences of external factors on sleep quality.
l.iii.2 External factors: physical and sociocultural environment.

Growing up, a frequent game in my family was listening to the sharp, quick, piercing noises
from outside our house and try to discern, ‘was that a gunshot, or a firework?’ While sensitivity to

incoming stimuli decreases during sleep,?> humans still respond to some stimuli deemed relevant
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in some way — to the potential detriment of their sleep quality. In terms of the physical
environment, multiple levels can determine whether one consistently gets good or bad sleep, with
factors such as greater light & air pollution and traffic & related noise contributing to poorer
sleep.%* Such factors can directly disturb one’s sleep regulation (e.g., light pollution altering
circadian rhythms through the light entrainment pathway) or indirectly impact sleep efficacy
through increased environmental stress.®* As such, many individuals exposed to these sources of
sleep disruption often show symptoms of insufficient sleep, insomnia, or sleep apnea.’ While
access to nature has been shown to improve sleep quality, proximity, walkability, and psychosocial
feelings such as unsafety may prevent immediate access of tools to increase sleep quality while
simultaneously exacerbating existing barriers to good sleep.5%6*

In some ways another layer of our physical environment, experience of one’s sociocultural
environment adds to the determination of whether one gets good or bad sleep. In this case, such
factors include social cohesion, previously mentioned feelings of safety, or experience of identity-
based prejudice and discrimination.5 In her article, “Does Where We Sleep Matter?” Keisha Ray
explores how all of these influences — physical and sociocultural — interact and amalgamate to
affect sleep quality specifically in Black people.® As she states in the conclusion of the article,

“Black people are disproportionately affected by environmental pollution, have lesser
access to proper housing than White people, and practice race related vigilance in
their everyday lives. Black people have differing access to social determinants of

health largely because of the ways their race, gender, and class make them vulnerable

to abuse and oppression from the institutions meant to protect citizens and their

health. But because of their Blackness, they are not afforded these protections.”’

What | hope is clear from this is the many factors influencing sleep — physical,

sociocultural, and more — intermingling to cause disproportionately poor outcomes for those with
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specific social identities®® note 5. As suggested by Keisha Ray, consistent and prolonged exposure
to stressful stimuli may elicit long-term physiological responses inside the individual. This
interference can adversely affect their ability and capacity to regulate their sleep, in turn leading
to poorer physical and mental health. However, neither these external factors nor the previously
discussed internal factors operate independently to exert their effects on sleep quality. Rather,

nearly all human characteristics result from the interactions between the two.
l.iii.3 Interactions between internal and external factors.

One of the most common interactions between internal and external influences that shape
human characteristics is the gene-environment interaction. In this dynamic, an individual's genetic
background determines their susceptibility to potential disorders, while the environments they
encounter throughout their life determines whether or not these disorders actually manifest and, if
so, to what degree.®® This dynamic can be most clearly seen in post-traumatic stress disorder
(PTSD), a condition an individual may develop in response to a single, highly traumatizing event,
or in response to multiple or sustained traumas in response to which they felt they had no escape
(otherwise known as complex PTSD).>>%® Despite the majority of individuals experiencing some
traumatic event in their life, those with a higher genetic risk (e.g., having a family member
diagnosed with PTSD) are more likely to develop PTSD and corresponding sleep difficulties as a
result of such an experience.®® While adaptive memory formation is crucial for survival (allowing
one to remember and learn from prior life-threatening experiences), PTSD may represent a
seemingly pathological manifestation of the neural dynamics underlying adaptive memory and

learning.2>

8 For further discussion of sleep and justice, please see Chapter IV.
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While presence and severity of PTSD symptoms differ between individuals, a core
symptom in many is sleep difficulties, being present in nearly 90% of cases.>® Added to this is the
core tenet of context; exposure to stimuli closely associated with the memory of the traumatic
event causes individuals to ‘re-experience’ the traumatic event as if it were happening in the
present, leading to accompanying feelings of emotional and physical distress and worsening of
PTSD symptoms.>>® Another common component in the development of PTSD is, through the
fear learning process, ‘neutral’ stimuli may become indirectly associated with the traumatic
memory (e.g., a billboard seen during a life-threatening car accident), allowing this stimuli alone
to elicit feelings of distress.> As a result, fear-related stimuli (a billboard) that trigger memories
of the traumatic event may be enough to elicit psychophysiological responses which, in turn, lead
to increased disturbances in sleep architecture®.

Crucial to the development and maintenance of PTSD is REM, the sleep stage primarily
associated with processing and extinguishing fear-related memory.>® Those with PTSD often
experience REM fragmentation, waking up numerous times during REM sleep and thus disrupting
emotional memory processing.®’ In fear-learning tasks, spending more time in REM sleep is linked
to weaker fear learning and greater fear extinction.>® Additionally, REM fragmentation following
a traumatic experience is associated with the severity of PTSD symptoms six weeks later.>® Finally,
unlike NREM sleep, the timing of REM sleep is controlled by SCN circadian oscillators.%® Taken
together, this findings highlight the remarkably complex interactions between internal and external
factors that influence the emergence and severity of PTSD note 9. TO comprehensively explore the
diverse neural mechanisms underlying sleep disturbances in PTSD — and in sleep more broadly —

necessitates a variety of methods, each best suited to extract distinct types of information.

% For further discussion of sleep architecture and trauma, please see Chapter I1, along with additional discussion in
Chapter IV.
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l.iv. METHODS OF STUDYING SLEEP.

While there are arguably countless tools one can use to study the neural mechanisms
regulating sleep, 1 will focus on three broad approaches, each with their own benefits and
drawbacks: human studies, which, as the name implies, involve studying humans directly®®; animal
studies, which instead use different animal species — mice to monkeys to the Drosophila
melanogaster — to model sleep disorders in humans or to better understand the conserved
processes of sleep across species’; and artificial intelligence, a broad set of computational tools

that allow us to effectively glean relationships and patterns in collected data.’*
l.iv.1 Human studies.

One of the most important inventions in the history of human sleep research is
polysomnography (PSG); where once we only saw sleep as a temporary loss of our awareness, we
later learned to recognize the stereotypic patterns of activity that characterized each stage of sleep
that occurs during sleep, as indicated by the uneven, often overlapping lines mechanically captured
on steadily rotating paper.”>’® Then, as now, sleep scoring was often a manual task; trained
polysomnographers visually inspected each equally spaced portion of time (or epoch) in the data
and deciding what sleep stage — REM? NREM? Wake? Unremarkable noise? — the lines told
them about the patient’s sleep.”>’® Because of the unprecedented insight into the sleeping mind
afforded by this technology, electroencephalography (EEG; capturing neural activity from the
scalp) was joined by electromyography (EMG; capturing muscle activity) and electrooculography
(ECG; capturing eye activity) to become the gold standard procedure for studying sleep
architecture in both clinical and experimental contexts.®®2"® A disadvantage of PSG, however, is
how delicate of a process it is; multiple sensors must be placed in very specific spots on the body,

leaving a mess of wires and potentially incomplete circuits. Common caps used to capture EEG
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may not consistently connect to hair textures such as afro-textured hair, potentially decreasing
quality of data acquired from individuals with such hair types and posing challenges for
researchers’. While PSG may be the gold standard for studying sleep architecture, there are other,
less constraining methods of studying sleep in humans.

One such method is actigraphy — a non-invasive method of capturing activity.” In this
case, rather than requiring multiple wires, simple rest/activity cycles can be captured with a device
resembling a wristwatch.” Compared to PSG, this method is capable of capturing longer sessions
of data, making longitudinal analyses more straightforward, while this same simplicity prevents
the discrimination of individual sleep stages from the data.” Additionally, both EEG/EMG and
motion-based detection of sleep/wake activity can be recapitulated in animal models. In the case
of motion-based detection, use of infrared motion sensors, for instance, can similarly capture

animal rest/activity cycles while remaining relatively noninvasive.’®
l.iv.2  Animal models.

Because the function and importance of sleep is generally conserved across species, sleep
researchers have utilized different species of animals to glean different pieces of information about
sleep in animals broadly.” One of the most frequently used mammals for modeling human disease
is the mouse, specifically the C57BL/6 strain.”” There are multiple benefits of using these mice as
models of sleep disorders. One of the most prominent uses of animal models in general is their
availability for use in a variety of experimental conditions, where some aspect of their physiology
can be directly altered to examine the effects said alteration has on a phenotype of interest
(compared to humans, in whom attempting this would cross multiple ethical boundaries).

Additionally, this strain of mice was one of the first animals in which gene expression could be
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manipulated’® and to have its genome sequenced.”® This, coupled with the copious research articles
using it, has made the C57BL/6 strain one of the more widely used in biomedical research.””"
Due to these advantages, mice can be used to model PTSD, allowing researchers to study
neural underpinnings of the disorder in more controlled settings.®® Different aversive stimuli (e.g.,
foot shocks, predator scent) can be utilized to induce PTSD-like phenotypes in differing degrees.®
In context of these models, the PTSD phenotypes are divided into behavior phenotypes (e.g., fear
learning, avoidance of trauma-related stimuli, and depression) and biological phenotypes (e.g.,
inflammation, sleep disturbances, changes in stress hormones).8° While a benefit of this method is
being able to more rigorously and ethically evaluate, for instance, the extent to which PTSD affects
sleep and circadian rhythms, there are certain characteristics that may not be available for
recapitulation in mouse models. This leads to the question: how do we translate findings from
animal models to humans? Although difficult to answer, data gathered from animal models provide
valuable insights — insight which can be further expanded upon through the use of computational

methods for capturing complex patterns.
l.iv.3 Artificial intelligence.

Computational methods using artificial intelligence (Al) are increasingly becoming a staple
not only for research in the neuroscience of sleep, but neuroscience research in general.”>8! While
not a ‘method of studying sleep’ in the classical sense (as captured by previous sub-sections), Al
instead serves as a powerful tool to aid in capturing, analyzing, and interpreting sleep-related
data.”* Given its increasingly commonplace status, we can examine how Al can be used to
supplement and bolster traditional sleep research methods.”* Specifically, 1 will be focusing on

machine learning — a type of Al that focuses primarily on pattern recognition in data.”*
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As summarized by Usman et al. (2019),% the pipeline of machine learning can be separated
into five generally consecutive steps: data collection, pre-processing, feature extraction,
classification, and post-processing. The following are key steps involved in using machine learning

for sleep stage classification based on neural signals:

e Data collection — This represents all steps taken to collect neural signals. In the case of
humans, this is often done using EEG,"* but in certain cases electrocorticography (ECoG)
electrodes may be surgically implanted directly on the cortex or deeper inside the brain. "%

In the case of mice, implanted ECoG and EMG represent the gold standard sleep data

acquisition method.®

e Pre-processing — This step involves removing noise from the data, as well as any pre-

amplification processes including frequency filtering via cutoff or bandpass filters.??

e [Feature extraction — After pre-processing, the signal is run through an algorithm to
extract different variables (or features), in both time- and frequency-domains, that are
relevant to identifying sleep stages.®? For instance, sleep spindles have a frequency of about
14-16 Hz%3; extracting power specifically in this frequency band, in order to capture these

NREM-specific oscillations, may aid the algorithm in differentiating sleep stages.

e Classification — In this step, all features extracted from the previous step are then passed
into a previously trained machine learning algorithm — typically trained with human-
scored sleep stages — to find the most statistically likely relationships between the features

of interest and sleep stages.®?

e Post-processing — Finally, this step involves validating results from the classification
stage, which may involve using cross-validation methods to determine accuracy of the

model used or comparing how the model performs relative to chance.®
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While each step entails greater details than listed here, | hope that this simplified machine
learning procedure may serve as a relatively clear example for the power and flexibility of Al-

based methods in analyzing sleep note 10.

lv  CONCLUSIONS AND THESIS OUTLINE.

In the preceding sections, | aimed to underscore the pervasive influence of sleep on various
aspects of human life, encompassing physical, mental, and psychosocial well-being. Additionally,
these facets are intricately intertwined, indicating a bidirectional relationship wherein sleep quality
significantly affects these areas and, in turn, is influenced by them. As explored in section 1, the
sleep-wake cycle is heavily regulated by internal circadian rhythms, heavily determining not only
sleep timing, but also, consequently, other endogenous rhythms important for overall health. In
section 2, | further examined interactions between circadian rhythms, sleep, and health,
emphasizing the role of sleep for learning and memory as well as the potentially debilitating effects
of sleep deprivation on physical and mental function. In section 3, considered some example
causes of sleep deprivation, such as relatively internal factors (e.g., genetics), relatively external
factors (e.g., physical environment), and interactions between the two. Finally, in section 4, | gave
a brief review of methods commonly used in sleep research, including human studies, animal
models, and computational methods. The focus of this introduction was to give a brief introduction
to sleep research, setting the stage for the following chapters in this thesis by emphasizing concepts
that will be more fully explored.

One overarching theme of this thesis is the remarkably multifaceted and adaptable nature

of sleep. Among the physiological needs typically considered essential for healthy function (i.e.,

10 For further discussion of sleep and Al, please see Chapter Il1, as well as additional discussion in Chapter IV.
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air, food, water, shelter, clothing, warmth, sex, and sleep), | am specifically focusing on sleep due
to its extensive influence on various health conditions and its susceptibility to external influences.
Because of this expansive of role sleep in overall wellbeing, | believe that truly capturing this
breadth of influence requires approaching the concept of sleep using ideas and methods from
different disciplines. As demonstrated in the upcoming chapters, I will explore this topic through
the lenses of behavior & learning, exemplified in Chapter II’s exploration of contextual fear and
entrainment of circadian rhythms; computational methods, exemplified by Chapter III’s use of
machine learning for studying sleep architecture; and neuroethics, exemplified by Chapter IV’s
scrutiny of sleep research within the broader societal context. Through this interdisciplinary lens,
this thesis aims to contribute to a more holistic perspective on sleep, bridging gaps between
different fields of study and, ideally, contributing to efforts towards a more inclusive and equitable

conception of sleep’s adaptivity and complexity.
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l.vi FIGURES.

Figure I-i. Two-process model of sleep.

-

11 PM 7 AM 11 PM

11 PM 7 AM 11 PM

11 PM 7AM 11 PM

Note. An example of circadian rhythm drive for wake (red, top), homeostatic pressure for
sleep (purple, middle), and sleep drive (blue, bottom) over two days. Sleep drive represents the
combination circadian drive for wake and homeostatic pressure for sleep, reaching its peak near

onset of sleep (grey box, 11 pm-7am) and lowest shortly after wake (yellow box, 7am-11pm).*
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Figure I-ii. Representation of typical sleep architecture during a eight-hour sleep bout.

Non-REM

0 1 2 3 4 5 6 7 8
Hours spent asleep
Note. Shortly upon sleep, animals tend to enter non-REM sleep (representing the stage with

the greatest proportion of time spent) and thereafter intermittently enter REM sleep through the
night. In humans, non-REM sleep is further divided into three, increasingly deeper stages of sleep,

with this sleep getting lighter as the night progresses.
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Chapter 1l. SLEEP WITH ONE EYE OPEN: CONTEXTUAL FEAR

AND ABNORMAL CIRCADIAN RHYTHMS

Fear learning is an evolutionarily conserved survival mechanism in which adverse stimuli
become mentally associated with a specific context, leading to feelings of anxiety and fear upon
re-exposure to fear-related contexts even in the absence of the adverse stimuli.®® This process,
known as fear conditioning, is a form of fear learning in which a neutral environmental cue is
repetitively paired with an aversive stimulus, leading to a conditioned fear response when the
neutral cue is encountered again.> In typical functioning, fear learning serves as a vital tool for
animals to distinguish between safe and unsafe cues, playing a crucial role in survival.2>®> However,
if the emotional intensity of the aversive conditioning stimulus is strong enough, this process can
lead to maladaptive associations where additional neutral cues unrelated to the original aversive
stimulus may provoke heightened fear responses.*

This phenomenon is what leads to trauma and is the foundation for post-traumatic stress
disorder (PTSD). PTSD is a chronic psychiatric disorder characterized by exposure to a traumatic
event (e.g., military combat, physical/sexual assault) and subsequent re-experiencing of the
traumatic memory, with contextual cues typically acting as triggers for traumatic memories.>>84,
The emotional memory and learning model of PTSD proposes that the disorder is a product of
dysfunction in processes of fear conditioning, extinction learning (the process of learning that a
previously fearful cue has ceased to be dangerous), and extinction recall (the ability to remember
this learned extinction).>®

One of the core symptoms of PTSD is sleep disruptions,® with individuals most frequently
reporting insomnia (80-90%) and nightmares (50-70%).8% These sleep disruptions are typically

associated with circadian disruptions, and may worsen when the individual is re-exposed to
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trauma-related triggers, acutely causing later sleep onset and poorer sleep quality.> Conversely,
poor sleep quality leads to poorer emotional processing and coping in individuals with PTSD,®
pointing to a bidirectional relationship between PTSD with sleep and circadian disturbances.®>#’
Thus, studying the relationship between sleep regulation, circadian rhythms, and contextual fear
conditioning will provide key insight into the neural processes that underly core symptoms of
PTSD.

Our laboratory has recently shown that nocturnal rodents can entrain their circadian
rhythms to a non-photic stimulus of cyclic fear.328 When rats or mice need to leave a safe nest
into a foraging area to obtain all their food and water, they spontaneously do so mainly during the
dark phase of the light-dark (LD) cycle. If they experience cyclic fear (footshocks) during the light
phase (light fear, LF) their foraging and feeding activity becomes even more nocturnal.3?88
However, if they experience cyclic fear during the dark phase (dark fear, DF), they shift their
foraging and feeding activity predominantly to the light phase.32% Interestingly, this shift into
diurnal behavior does not represent an acute response to shocks or a result of associative learning
between the LD cycle and the fear stimulus. Instead, it is the result of the entrainment of the
circadian rhythms of foraging and feeding to the cyclic fear stimulus, as the timing of feeding and
foraging persists for several days after both the LD and the fear cycle are removed.

Our fear entrainment results suggest that cyclic fear stimuli have a strong circadian time
stamp, and that circadian and sleep disruptions, which are signature symptoms of PTSD, may in
part represent the output of a previously fear-entrained clock. If this is the case, contextual cues
that act as triggers for fear and anxiety in PTSD could be simply retrieving a fear-entrained
circadian program of behavior. In this chapter, | tested this hypothesis by exposing mice to both

the LF and DF groups. After stable entrainment of both groups to the specific cyclic fear stimulus,
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we placed mice from both groups in a neutral context where they all eventually displayed normal
nocturnal behavior. We then tested whether re-exposure to the fear context but in the absence of
aversive stimuli was enough to retrieve aberrant circadian rhythms that represented the output of

the previously entrained fear-entrained clock.

Il.i  METHODS.

All experiments with animals were performed in accordance with animal protocols
approved by the Office of Animal Welfare at the University of Washington. Three cohorts of 16
C57BL/6J mice aged 2-3 months, totaling 46 mice (50% female; two mice were removed due to
poor acclimation), were purchased from The Jackson Laboratory. Mice were individually housed
undera12:12 LD cycle in either a 'neutral context' or a 'fear context'. The 'neutral context' consisted
of a standard mouse cage equipped with a running wheel. The ‘fear context' was a fear conditioning
chamber featuring a 'nesting area' with corncob bedding connected to a ‘foraging area’ wherein
mice had ad libitum access to food and water but were required to stand on footshock grids.
Infrared motion detectors tracked activity within the nesting and foraging areas (termed nesting
and foraging activity, respectively), while feeding activity was recorded using break-beam sensors.
All data were continuously recorded. For additional information, please see please see Bussi et al.,

(2023).88
[.i.1 Contextual fear paradigm.

The contextual fear protocol comprised five phases (refer to the first column in Figure 1):
First, mice's pre-fear induction activity was observed in the neutral context (‘pre-induction’
condition; ~7 days) to establish typical behavior patterns unrelated to aversive stimuli.

Subsequently, mice were transitioned to the fear context to acclimate without receiving any
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aversive stimulus (‘baseline’ condition; ~7 days). Afterwards, an Arduino-controlled shocker
administered three randomly distributed footshocks per hour in 12-hour daily windows, based on
shock group conditions (‘fear induction’ condition; 10-15 days). Following fear entrainment, mice
returned to the neutral context to extinguish fear-entrained activity (‘post-induction’ condition; 14-
19 days). After mice reverted to pre-fear induction activity patterns, they were moved back to the
fear context, this time without footshocks (‘contextual recall’ condition). To study fear entrainment
extinction, cohorts two (n=16) and three (n=14) remained in the fear context for up to a month.
Mice were divided equally across sexes into two shock groups: the light fear (LF) group,
the 12-h window of shock presentation was paired to the 12-h light phase of the LD cycle; or the
dark fear (DF) group, where footshocks were instead paired with the 12-h dark phase. Additionally,
to examine effects of stimulus intensity and strength of entrainment, footshock amplitude AUCS

was set at 0.2 mA for cohorts one and two, and set to 1.0 mA for cohort three.

I1.i.2 Data analysis.

All analyses were run in R version 4.3.1,% and raw activity counts were z-score normalized
by data channel with zero minimum prior to use in analyses. Statistical analyses conducted were
either Analysis of Variance (ANOVA) using aov()® or Multiple Linear Regression using Im(),%
and reported statistics used 95% confidence intervals (95% CI). Figures were generated using
ggplot2.%?

Average daily activity patterns (‘waveforms') were generated for each phase, utilizing data
either from the last seven days of recording (pre-induction, fear-induction, and post-induction) or
first seven days (baseline and contextual recall). These data were used to create wind rose plots,
representing averaged distribution of activity across different time points, and Rayleigh vectors,

representing average circadian activity timing in terms of timing (in ZT) and magnitude (indicated
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by |v|).*® Rayleigh vectors provide a quantification of how fear stimuli impact mice's average
circadian activity timing and strength. For instance, if an animal were only active at ZT1, then the
average circadian timing would be ZT1 and |v| would be a relatively large value; if the animal were
equally active across the dark phase and not active during the light phase, average circadian timing
would be ZT18 and |v| would be a relatively small value.

To assess activity differences during critical time windows, trapezoidal sums® were used
to calculate area under the curve (AUC). Two-way ANOVAs were employed to identify main
effects of experimental condition (baseline, fear induction, contextual recall) and either shock
group (LF vs. DF) or sex (male vs. female), as well as any interaction effects. In cases with
significant interaction terms, post-hoc Tukey tests®® were conducted to determine specific group
differences. To account for multiple comparisons, significance levels were adjusted to o = 0.0056
using the Bonferroni method.®

To explore relationships between strength of entrainment during fear induction and activity
levels during contextual recall (both relative to the baseline activity), AUCs were calculated for
each experimental condition within the specified time window. For use in analyses, AUCs equal
to 0 were inputted to be 0.01. Multiple linear regression analyses were performed to determine
beta estimates for activity during fear induction (relative to baseline activity), sex (dummy-coded,
male vs. female), and footshock amplitude (dummy-coded, 1.0 vs. 0.2) in predicting activity during
contextual recall (relative to baseline activity). For use in analyses, AUCs that equaled 0 were
adjusted to 0.01.

Finally, to assess extinction progression, the month-long extinction phase was divided into
four weeks, each compared to baseline and fear induction activity using AUCs extracted for critical

time windows. One-Way ANOVAs were performed using condition (baseline, fear induction,
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week 1, week 2, week 3, and week 4) to predict AUC. To address the 15 comparisons across

conditions, a Bonferroni correction was applied, setting the adjusted a level at 0.0033.

Il RESULTS.

I1.ii.1 Following entrainment to nocturnal fear, re-exposure to fear context is enough to elicit
return of abnormal circadian behavior.

During the pre-induction and baseline conditions, wheel-running activity patterns in the
neutral context (Figure 1, first row) as well as foraging activity and feeding in the fear context
(Figure 1, second row) were undistinguishable between mice assigned to the LF and DF groups.
Following fear induction, LF animals showed near-complete abolishment of diurnal activity, while
DF animals showed greatly suppressed nocturnal activity and greatly increased diurnal activity,
particularly during the first few hours of the light phase; which was confirmed both by the 24-h
waveforms and wind rose plots for each group (Figure 1, middle row). When returned to the neutral
context, both groups returned to similar wheel running and IR nocturnal activity patterns,
comparable to their pre-induction patterns (Figure 1, second-to-last row). Upon return to the fear
context but in the absence of footshocks (contextual recall), DF mice once more exhibited
increased diurnal activity compared to LF mice, primarily in the first few hours of the light phase
(Figure 1, last row).

We examined the first hour of the light phase (ZT0-ZT1), the time of the day at which
activity was much higher in DF mice than LF mice during fear induction, finding a significant
interaction between shock group and condition (F[2, 132]=53.68, p<0.001). LF mice exhibited no
significant changes in activity in the fear cage across the three conditions but displayed a trending
significant decrease in contextual recall activity compared to baseline (95% CI [-41.77, 1.44],

p=0.082; Figure 2A). In contrast, DF mice exhibited significantly increased activity following fear
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induction compared to both other conditions (baseline, 95% CI [71.43, 112.80], p<0.001;

contextual recall, 95% CI [36.78, 78.15], p<0.001) and to LF during fear induction (95% CI [79.11,
121.42], p<0.001; Figure 2A). Additionally, while significantly decreased compared to fear
induction, DF activity during contextual recall was significantly higher compared to baseline (95%
CI[13.96, 55.33], p<0.001) and to LF contextual recall (95% CI [26.75, 69.06], p<0.001; Figure
2A). These results indicate that the re-exposure to the fear context induced a 24-h pattern of activity
that resembled that under each group’s specific fear exposure pattern.

We also examined the last hour of the dark phase (ZT23-ZT24), when the activity of LF
was higher than that of DF mice during fear induction. There was a significant interaction between
shock group and condition (F[2, 132]=5.24, p=0.006); LF exhibited significantly increased activity
following fear induction compared to baseline (95% CI [10.80, 67.94], p=0.002) and to DF fear
induction activity (95% CI [8.62, 64.55], p=0.003; Figure 2B). DF mice exhibited no significant
changes in activity at this time of the day. Together, these results show that time-specific exposure
to an aversive stimulus entrained the circadian rhythm of foraging in the LF and DF groups, and

that the re-exposure to the fear context induced 24-h patterns of activity that were specific to each
group.
I1.il.2 Footshock intensity determines speed of entrainment to fear stimuli.

A key condition that defines circadian entrainment is a stable phase relationship between
the zeitgeber and the entrained circadian rhythm. Before circadian rhythms reach a stable phase of
entrainment they go through transient phases that reflect the progressive adjustment of the
circadian pacemaker phase. These “transients” determine the speed of entrainment of a circadian
clock and the rhythms it sustains, and typically depend on the strength of the zeitgeber. That is,

higher amplitude environmental cycles will typically lead to faster entrainment. If fear entrainment
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shows similar properties, we reasoned that higher intensity footshocks (1 mA) would achieve faster
entrainment than lower intensity footshocks (0.2 mA).

The LF and DF groups reach a final phase relationship with the 12-h fear window that is
characterized by an onset of activity shortly after shocks offset in LF mice and 90 minutes prior to
shock offset in DF mice, both relative to the offset of shocks for the respective groups. When
measuring the number of days needed to reach this phase over the two-week period, both LF and
DF mice that experienced 1.0 mA footshocks entrained more quickly and strongly compared to
mice experiencing 0.2 mA footshocks (Figure 3A & 3B, right column). Furthermore, as indicated
by Rayleigh vectors in day 19, final average circadian activity timing was centered around ZT17
for 0.2 mA (Jv| = 1.19) and ZT16 for 1.0 mA (Jv| = 1.56) in LF mice (Figure 3A, right column); in
DF mice, the average circadian activity timing was was centered at approximately ZT22 for 0.2

mA (Jv| = 0.48) and ZT3 for 1.0 mA (|v| = 0.55; Figure 3B, right column).

I1.i1.3 Magnitude of change in activity during contextual recall depends on strength of
entrainment for DF but not LF mice.

We reasoned that the induction of ZT0-ZT1 activity during the contextual recall could be
associated with the strength with which the fear stimulus induced activity at the same time during
the fear induction phase of the experiment, both relative to baseline activity. Hence, we used
multiple regression predicting activity during contextual recall from activity during fear induction,
footshock intensity, and sex. This model was significant in LF mice (F[3, 18]=4.71, p=0.013,
adjusted R? =0.346); activity during contextual recall showed a positive association with activity
during fear induction (b=0.167, 95% CI [0.20, 0.69], p=0.029) and negative association with
footshock intensity (b=-0.360, 95% CI [-0.70, -0.024], p=0.037; Figure 4A). This model was also
significant in DF mice (F[3, 20]=52.59, p<0.001, adjusted R? =0.871), with activity during

contextual recall showing a positive association with activity during fear induction (b=0.733, 95%
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CI1[0.593, 0.875], p<0.001), and male mice showing a stronger response during contextual recall
compared to female mice (b=2.662, 95% CI [0.16, 5.18], p=0.039; Figure 4B). Together, these
results show that mice that displayed a stronger response (reducing and increasing early morning
activity in LF and DF mice, respectively) during fear induction had a stronger response during the

contextual recall.

[1.ii.4 Activity patterns during contextual recall do not return to baseline after a month.

Contextual fear conditioning is characterized both by the induction of fear responses by
cotextual cues and by the extincton of contextual fear responses in the absence of the aversive
stimulus. Our results show that the contextual fear recall retrieves a previously fear-entrained
circadian program and we wondered if this extintion would also progressively erase the 24-h
pattern of locomotor activity that emerged in LF and DF animals.

In LF mice, no significant effect of condition was observed for low intensity during ZTO-
ZT1 (F[5, 42]=1.88, p=0.118), and although an effect was found for high intensity (F[5,
30]=4.914, p=0.002), no significant differences in paired comparisons were detected after applying
Bonferroni correction for multiple comparisons (for 15 comparisons, o. = 0.0033; Figure 5A & B,
left bar graphs). Conversely, during ZT23-ZT24, there was a significant effect of condition for
both low intensity (F[5, 42]=10.20, p<0.001) and high intensity (F[5, 30]=8.18, p<0.001). For both
shock intensities, activity in the last hour of the dark phase was higher than baseline activity during
weeks three and four, with this difference becoming more pronounced over the four-week period
(especially in the case of high intensity; Figure 5A & B, right bar graphs).

The opposite pattern was present in DF mice: An effect of condition was found for both
low intensity (F[5, 42]=6.65, p<0.001) and high intensity (F[5, 42]=9.77, p<0.001) during ZTO-

ZT1. At low intensity, activity patterns across the four weeks resembled baseline activity, while at
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high intensity, activity patterns in each week generally showed differences with activity in both
baseline and fear induction (but were no longer significant after correction for multiple
comparisons; Figure 5C & D, left bar graphs). During ZT 23-24, there were no differences at low
intensity (F[5, 42]=0.85, p=0.524), and while there was an effect of condition for high intensity
(F[5, 42]=4.45, p=0.002), no significant differences remained after correction for multiple

comparisons (Figure 5C & D, right bar graphs).

I1.ii.5 Males and females display comparable responses during contextual recall.

Because male and female mice differentially respond to fear conditioning (where male
mice display stronger initial responses and female mice show slower extinction over time®’), we
investigated the presence of sex-dependent change in ZT0-ZT1 activity across the three conditions.
There was no significant interaction between sex and condition in LF (F(2, 60)=0.79, p=0.457) or

DF mice (F(2, 66)=1.89, p=0.159; Figure 6).

[1.iii  DISCUSSION.

In this study, we show that the re-exposure to a fear context in the absence of aversive
stimulus has the ability of reactivating a previously existing circadian program of behavior that
was the result of cyclic fear entrainment. Mistimed sleep-wake patterns and disrupted circadian
rhythms are signature features of PTSD.®” That nocturnal fear can entrain circadian behavioral
outputs and lead to abnormal diurnal behavior in mice after exposure to contextual triggers
suggests that these symptoms could represent the output of a circadian oscillator that was
previously entrained to aversive stimuli with a clear 24-hour structure. Furthermore, our current
results show that contextual triggers in animals that have regained normal circadian rhythmicity in
a neutral context have the ability of rekindling this abnormal circadian program of behavior. Our

results may be important to further understand the mechanisms behind core symptoms of PTSD,
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as they suggest that circadian time-stamped traumatic memories may be central to these symptoms
and to how these symptoms are reactivated by contextual triggers.

Contextual fear learning is characterized by the association of neutral contextual cues
(conditioned stimulus, CS) with an aversive stimulus (unconditioned stimulus, US),> such as
footshocks in laboratory rodents or traumatic events (e.g., military combat, physical/sexual assault)
in humans. Evidence of this learning is the presence of behavioral and physiological responses
(i.e., fear responses) to the CS alone that would normally be elicited only by the US.> In our
behavioral paradigm, the CS is represented by our fear context in which animals live in more
naturalistic conditions where they can experience threats while foraging but not in their safe
nesting area. In this setup, the response to the US is changes in 24-hour behavioral patterns that
involves the entrainment of circadian oscillator by cyclic fear. The fact that the same pattern of
behavior is elicited several weeks later by the CS only indicates that the fear-entrained oscillator
is downstream of the contextual fear association. In other words, the CS response is constituted by
the activation of a previously entrained fear-entrained oscillator.

The LF and DF groups were returned to the fear cages in the absence of footshocks after
they had become undistinguishably nocturnal in the neutral context. The most remarkable result
in our study is that the DF group displayed a considerable amount of foraging and feeding during
the light phase that can only be accounted for by their history of nocturnal fear exposure.
Nevertheless, it is important to highlight that LF mice displayed a clear decrease in daytime activity
when they were re-exposed to the fear context. This result indicates that 24-hour cyclic fear has
the ability of changing the temporal pattern of behavior after the aversive stimulus is no longer
present even if the fear was perceived at a time when mice are typically inactive. This suggests

that cyclic 24-hour fear can entrain circadian clocks regardless of the timing of the aversive
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stimulus relative to spontaneous pattern of activity of the species. The result also suggests that
temporal programs for behavior that are specific to the previous timing of fear can be retrieved by
exposure to the fear context.

Compared to males, female mice have been previously shown to exhibit relatively lower
fear responses (e.g., lower levels of freezing behavior) to threatful stimuli, as well as lower fear
recall.’’ These findings emphasize the existence of sex differences in fear processing and learning.
On the other hand, compared to men, women are more likely to be diagnosed with fear and anxiety
disorders including as PTSD.*® Importantly, although the diagnosis rate of these disorders is higher
for women, the strength with which symptoms manifest in each disorder is not necessarily higher
in women.*® Despite these clear differences, the cause of sex-based differences in PTSD is not yet
fully understood.®® Critical sex-related factors that could interact to shape the development and
symptomatology of PTSD include: biological factors (e.g. genetics, hormones), sex-specific
vulnerability factors (e.g. sex differences in negative affect and anxiety traits), and sociocultural
differences that affect gender-specific exposure to stress and trauma, as well as response
expectations.® In PTSD, these factors could influence the strength of the traumatic experience and
of the fear salience the experience has, as well all the steps in the contextual fear memory
consolidation, recall and extinction.

In conclusion, we show that the abnormal diurnal behavior, which is the result of fear
entrainment of a circadian clock after exposure of mice to nocturnal fear, reverts to normal
nocturnal behavior when the animals are returned a neutral, fear-free context. We also show that
the abnormal circadian behavior re-emerges several weeks after if animals are exposed to the initial
fear context. These findings suggest that the worsening of PTSD sleep dysregulation in response

to triggers may emerge as the output of a previously entrained fear-entrained oscillator.
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Il.iv FIGURES.

Figure 11-i. Experimental conditions and corresponding activity patterns.
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Note. Each row of data represents the corresponding experimental condition shown in the
left-most column. Representative actograms show data acquired from one mouse for each shock
group (light fear, left; dark fear, right) across each experimental condition. Actograms are double-
plotted, with each row showing two days. Colored bars adjacent to actograms denote data used to
generate activity waveforms in respective conditions. Activity waveforms depict data averaged by
shock group across all three cohorts (solid line), accompanied by 95% standard error of the mean

(SEM) error bars, as well as with activity averages by cohort (transparent lines). Wind rose plots
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include overlayed Rayleigh vectors calculated by shock group. Light yellow denotes light phase;

dark grey denotes dark phase; and purple denotes shock phase.



A

Aweraged Foraging Actvity Counts

41

Figure 11-ii. Change in activity during critical time windows over each experimental condition.
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Figure 1l-iii. Speed of entrainment and foodshock intensity.
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Figure ll-iv. Linear relationship between strength of entrainment during fear induction and

contextual recall activity during ZT0-ZT1.
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Fear Induction Foraging Activity for ZT0-1, relative to Baseline

(x-axis) and during contextual recall (y-axis). Both axes are in logarithmic scale, with higher
numbers indicating greater activity during this time window relative to baseline, and lower
numbers indicating lower activity relative to baseline. For light fear (A), axes range from 10.00
(bottom/left) to 0.01 (top/right); for dark fear (B), the axes range from 0.01 to 10.00. Each dot
represents an individual mouse, is color-coded according to footshock intensity group, and its

shape is determined by sex of the mouse. ZT = zeitgeber time.
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Figure 11-v. Extinction of fear entrainment over four weeks, by shock group and footshock
intensity.
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Note. Data were separated by shock group and footshock intensity (A, light fear and 0.2
mA,; B, light fear and 1.0 mA,; C, dark fear and 0.2 mA; and D, dark fear and 1.0 mA). For each
subfigure, top rows contain waveforms averaged across animals are displayed by condition and
corresponding wind rose graphs (including overlayed Rayleigh vectors for each condition), and
bottom rows contain bar graphs comparing activity across each condition in critical time windows.
ZT = zeitgeber time; B = baseline; FI = fear induction, and W1, W2, W3, and W4 are weeks 1

through 4. Error bars in waveforms and bar graphs indicate 95% SEM. *indicates p<0.05,
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**indicates p<0.01, and ***indicates p<0.001. Light grey coloring indicates non-significance after

Bonferroni correction for multiple comparisons (o = 0.0033).
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Figure 11-vi. Sex differences in activity by shock group and condition.
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Note. Activity waveforms depict data averaged by sex across all three cohorts and are
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SEM error bars. Wind rose plots include overlayed Rayleigh vectors calculated by sex. Light

yellow denotes light phase; dark grey denotes dark phase.
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Chapter 111. SLEEPING ON THE JOB: PUBLICLY AVAILABLE

AUTOMATED SLEEP SCORING

Sleep is a highly adaptive process that plays an important role in numerous physiological
functions. Sleep generally occurs in two stages: rapid eye movement (REM) and non-rapid eye
movement (NREM). These stages are characterized by distinct electrophysiological signatures,
and the temporal distribution of these stages during sleep defines a ‘sleep architecture’ that can
have important consequences for critical physiological and behavioral processes including
memory consolidation, mood, as well as immune and cognitive function.

The study of sleep architecture in the context of disease is an area of great interest. Sleep
disorders are extremely common, impacting over 100 million individuals in the United States
alone, and contribute to or are co-morbid with a wide range of neurological, metabolic and
psychiatric conditions.®*'%, Sleep disorders are usually diagnosed using polysomnography, which
measures multiple  physiological signals including electroencephalography (EEG),
electrooculography (EOG), chin and leg electromyography (EMG), electrocardiography (ECG),
breathing effort, oxygen saturation, and airflow.'®* However, EEG and EMG are essential and
sufficient signals for the classification of behavioral states as either wake, NREM or REM.

The characteristics of each stage are currently standardized and defined by the American
Academy of Sleep Medicine (AASM) Scoring Manual.’®® In humans NREM can be further
subdivided into three distinct stages (N1 to N3), but this distinction is lost or ignored in studies of
rodent models, with very few exceptions.'® Despite this standardization, trained professionals
exhibit an overall inter-scorer agreement of 82.6% for human polysomnographic recordings, which
decreases to around 70% for N1 and N3 stages, and sleep spindles.!%1% Recent findings suggest

that this variability can be largely attributed to epochs that could legitimately be assigned to
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multiple sleep stages,'®’

and accounting for this discrepancy can largely decrease interscorer
variability.’®® Unlike human sleep data, there is currently no “gold standard” for the manual
classification of rodent sleep stage and manual scoring of sleep recordings is often error-prone,
time-consuming, and generally must be done offline.

Attempts to develop automated algorithms for sleep staging date back to 1969'% and have
incorporated a wide range of approaches with varying degrees of success.'? Previous protocols

have been developed and validated using both human and rodent data,**

often with good results
but low adoption by the field. One reason for this limited reach could be because many methods
were developed and described assuming the user has expertise in mathematics and computer
programming. While more user-friendly approaches have been developed,*'? potential flaws of
these methods include: validation on data acquired only from wild-type (WT) animals; near-
exclusive use of standard laboratory conditions; requiring the purchase of a commercial license;
and little to no information about the underlying algorithm or training data used to validate the
approach.

Long-term chronic polysomnographic recordings are becoming increasingly valuable for
studying the role of the circadian clock in regulating sleep/wake cycles. Accordingly, we have
developed Sleep Identification Enabled by Supervised Training Algorithms (SIESTA): an open-
source, automated sleep stage classification web application. We first generated a training dataset
consisting of 20 days of ECoG and EMG recordings obtained from both WT and transgenic mice
with disturbed sleep under multiple experimental lighting conditions. For every 10 seconds of
recording, we extracted 54 total features from ECoG and EMG signals and used these data to

evaluate a battery of supervised machine learning algorithms. We selected the bagging classifier

using random forest, which showed the highest performance as determined by the F1 score. We
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aimed to reach an accuracy of at least 83% across behavioral states, reflecting the average inter-
scorer reliability reported by the AASM.1% When evaluated on test data withheld from the training
set, this classifier performed well, achieving F1 scores of 0.92 for wakefulness, 0.81 for REM, and
0.93 for NREM. We further validated our approach using data collected from the same transgenic
mouse line in another laboratory and under different experimental conditions and found
comparable levels of classification accuracy.

SIESTA is an open-source platform developed in Python. Our user-friendly graphical
interface provides an intuitive workflow from data selection to final scored output and includes
SIESTA’s own training database as well as an optional training module where users can train

SIESTA on their own data or contribute their own data to the preexisting training database.

Il.i METHODS.

I11.i.1 Animals and housing conditions.

All experiments with animals were performed in accordance with animal protocols
approved by the Office of Animal Welfare at the University of Washington and Seattle Children’s
Research Institute. Mice with a heterozygous deletion of the Scnla gene (Scnla*"), which model
an intractable form of epilepsy called Dravet syndrome (DS; hereafter referred to as DS mice),
were generated by targeted deletion of the last exon, encoding domain IV from the S3 to S6
segment and the entire C-terminal tail of Nay1.1 channel, as previously described.!*® The mice
used in this study were generated by crossing heterozygous mutant mice of C57BL/6 background
with wild-type (WT) C57BL/6 mice (both males and females of each genotype), resulting in only
WT or heterozygous Scnla mutant offspring.t** The DS mouse has been previously described to

have deficits in both the circadian and homeostatic regulation of sleep.114-116
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I11.i.2 Electrocorticographic recordings — de la Iglesia Lab.

Sleep was recorded as previously described.!'’ Briefly, mice were anesthetized with
isoflurane and placed into a stereotaxic device where isoflurane anesthesia continued throughout
surgery. Each mouse was implanted with ECoG electrodes, consisting of dental screws (Pinnacle
Technology, Lawrence, KS; No. 8209: 0.10-in.). Using aseptic technique, a midline incision was
made above the skull. Recording electrodes were screwed through cranial holes as follows: over
the left frontal cortex (1.5 mm lateral and 2 mm anterior to bregma) and over the right parietal
cortex (1.5 mm lateral and 2 mm posterior to bregma), a ground electrode was placed over the
visual cortex (1.5 mm lateral and 4.0 mm posterior to bregma), and a reference electrode was
placed over the cerebellum (1.5 mm lateral and 6 mm posterior to bregma). EMG signals were
obtained by placing a pair of silver wires into the neck muscles. The screws were connected,
through silver wires, to a common 6-pin connector compatible with the Pinnacle recording device.
The screws and connector were fixed to the skull with dental cement. Mice were implanted
between 3 and 4 months of age to account for the long duration of circadian sleep experiments.
After surgery, mice were housed in single recording cages under a 12:12 light-dark (LD) cycle.
Mice had a recovery period of 1 week, were then fitted with a tether and a preamplifier (100x
signal gain) connected to the Pinnacle Technology recording system, and they were allowed 1 day
to acclimate before recording started. The ECoG and EMG signals were sampled at 400 Hz with
low-pass filters of 80 Hz and 100 Hz, respectively. All recordings were saved and exported for
processing using the European Data Format (EDF), an open-source file format commonly used in

polysomnographic recording.
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I11.i.3 Telemetric electrocorticographic recordings — de la Iglesia Lab.

Surgery procedure for telemetric recordings followed the above protocol, but included
changes to account for different requirements: only two ECoG electrodes were screwed through
cranial holes (left frontal cortex, reference) and were connected to a Stellar Dual-Biopotential
Transmitter (TSE Systems, Inc, Chesterfield, Montana; E-430001-IMP-60, Type BBTA-XS-C)
before being insulated with dental cement. EMG signals were obtained by suturing leads from the
Stellar Transmitter to neck muscles and the incision was sutured closed. Following recovery, data
were recorded in two periods of 24 hours, spaced a week apart, at a sampling rate of 250 Hz using
a Notochord-hem (version 3.5, Notochord Systems). Recordings were saved, exported as EDF
files and post-processed (a 0.5 Hz high-pass filter; a 100 Hz low-pass filter, a 60 Hz notch-filter,

and amplification by 10 were applied) prior to being used in analyses.
[11.i.4 Electrocorticographic recordings — Kalume Lab.

Mice underwent survival surgery to implant ECoG and EMG electrodes under isoflurane
anesthesia with additional subcutaneous bupivacaine (1mg/kg) for analgesia as described
previously.'* Using aseptic technique, a midline incision was made anterior to posterior to expose
the cranium. Micro-screw ECoG electrodes, connected to fine (diameter: 0.130 mm bare; 0.180
mm coated) silver wires, were inserted through cranial burr holes drilled with a small drill bit. The
ECoG electrodes were placed at visually identified locations — left and right frontal cortices,
approximately 1 mm anterior to the bregma and 3 mm lateral. EMG electrodes were placed in back
muscles. A reference electrode was placed at the midline cerebellum and a ground electrode was
placed subcutaneously over the back and the skin was closed with sutures. All electrodes connected
to a micro-connector that permitted the interface with the recording system and had a typical

impedance < 10 kQ. The implant was fixed to the cranium using dental cement and the surgical
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incision was closed with sutures. Mice were allowed to recover for two to three days with carprofen
MediGel put in the animal cages for 48 hours. ECoG patterns were evaluated prior to recording to
ensure complete recovery from anesthesia.

Twenty-four to 48 hours after electrode implantation surgery, simultaneous video-ECoG-
EMG records were collected in conscious mice on a PowerLab 8/35 data acquisition unit using
LabChart 8.1 software (AD Instruments, Colorado Spring, Co). All bioelectrical signals were
acquired at 1-KHz sampling rate and using a 100X amplification. The ECoG signals were

processed offline with a 1-70 Hz bandpass filter and the EMG signal with a 3-Hz high pass filter.

[11.i.5 Behavioral experiments and environmental conditions.

Our recordings came from experiments maintained in a ventilated, light-tight room under
either a 12:12 LD cycle with 200-lux intensity or constant darkness (DD). To determine the effect
of abrupt LD phase shifts on the phase of the circadian rhythm of sleep, we used a delay and
advance “jetlag” protocol. After mice were entrained to a 12:12 LD cycle, a delay jetlag was
initiated by extending the light phase by 6 hours (i.e., delaying the time of lights off by 6 hours).
The mice stayed under this new 12:12 LD cycle until they re-entrained to the new cycle. The
advance jetlag was initiated by shortening the light phase by 6 hours (i.e., advancing the time of
lights off by 6 hours). To assess the endogenous circadian period of sleep, we released mice into

DD for at least 14 days after they had synchronized to a 12:12 LD cycle.

I11.i.6 Signal processing and feature engineering.

We used a total of 54 features extracted for each 10-second epoch, calculated from raw
ECoG and EMG data. ECoG and EMG signals were prefiltered using a Hanning filter with a

moving window of one minute.
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From ECoG signals, we calculated power, energy and amplitude values for a series of
spectral bands as described in previous studies of the ECoG and EMG signatures of sleep stages.'%
We defined the alpha band as 8-13 Hz, beta as 20-40 Hz, sigma as 11-15 Hz, gamma as 35-45
Hz,'8 and a frequency band indicating the occurrence of sleep spindles as 12-14 Hz. Because there
is little consensus on the definition of mouse theta in the literature, we incorporated several
previously described definitions as features (4-12 Hz,'*® 6-9 Hz'?°, 5.5-8.5 Hz,1% 7-10 Hz%).
Next, we calculated three different power ratios between frequency bands. The first is the theta-
delta ratio, which is commonly incorporated into heuristics used to discriminate sleep and wake
states.'®® The other two have been used for sleep spindle detection?! and are defined as the ratio
of power values of frequencies between 0.5-20 Hz to those between 0.5-50 Hz; and the ratio of
those between 11-16 Hz to those between 0.5-40 Hz. Additional features included the 90% spectral
edge, 50% spectral mean, mean and median amplitude, the root mean square, variance, skewness,
and kurtosis of the signal. Finally, we incorporated the number of zero crossings, the peak-to-peak
range, and the spectral entropy of the signal.
From the EMG signal, we calculated the amplitude, signal variance, skewness, kurtosis,

root mean square amplitude and the spectral entropy. A list of all the features and their descriptions

can be found in Table S1 (Appendix A).
I11.i.7 Software development.

All code was written and tested in Python 3.7.3, using Spyder 3.3.2 and Jupyter 5.7.2 on
Windows, MacOS and Linux operating systems. The scikit.learn package version 0.20.1 was used
for validating the machine learning algorithms.?> We used Pandas 0.23.4, Pickle 3.0, Numpy

1.15.4 and Scipy 1.1.0 for data management and signal processing.
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I11.i.8 Supervised learning algorithm selection.

Using our manually-scored sleep data (Table 1), we tested the ability of several algorithms
to identify each sleep stage. We used methods of one-step classification, wherein an epoch was
classified as either wake, REM or NREM in a single step using one classifier; and two-level
hierarchical classification, wherein one classifier was used to score an epoch as either wake or
sleep, and a second classifier was used to further divide each sleep bout as either NREM or REM.
The full list of classifiers tested is given in Table 2.

Because the random forest algorithm is at the core of SIESTA, we provide a brief
discussion of its implementation as follows. The random forest algorithm is an ensemble learning
method that takes into account the classification results of multiple decision trees.'?® Although
effective, decision trees often generalize poorly and underperform on classification problems with
many input variables.'?* To compensate for this, random forest classifiers utilize a combination of
decision trees such that each tree depends on a random, independently sampled vector of the
dataset that has the same distribution for all decision trees. After several trees are created, the
random forest algorithm “votes” on the most popular class. A margin function is used to determine
by how much the average number of votes from decision trees for the right class exceeds the vote
total for any of the other classes (e.g., wake, NREM or REM).%*

SIESTA employs two other similarly structured ensemble learning methods called bagging
and gradient boosting,'?® using random forest as the base classifier for each. A bagging classifier'?
is an ensemble meta-estimator method that creates random individual results by training each
classifier on a random redistribution of the training dataset, and then aggregating their individual
predictions (by a vote) to form a final prediction. This meta-estimator is typically used to reduce

the variance of the core method (in this case random forest). Similarly, gradient boosting is an
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ensemble learning method that boosts the performance of “weak learners” such as decision trees
using a loss function, which determines how well the model fits the training data.*?*

In the screening for all algorithms, we performed 20-fold cross validation with shuffle and
used F1 score to assess performance. The F1 score is the harmonic mean of the precision and recall
of the test. Precision is given by the number of true positives (TP) divided by the sum of false
positives and TP, and recall is calculated as the number of TPs divided by the sum of false
negatives and TPs. Assessing test performance using F1 score compensates for the imbalance in
the occurrences of wake, NREM and REM bouts, and as such is widely used in machine learning-

based approaches to automatic sleep scoring.!® All results are shown as mean with standard

deviation.
I11.i.9 Inter- and intra-scorer reliability.

To calculate inter-scorer reliability, we randomly selected a 24-hour recording from our
training dataset and compared the agreement between 4 experienced manual scorers using both
percent agreement and Fleiss’ kappa.'?” In accordance with previous reports'?® of inter-scorer
reliability for sleep scoring between multiple scorers, we set the following levels of agreement for
evaluating: 0-0.20 = slight agreement, 0.21-0.40 = fair agreement, 0.41-0.60 = moderate
agreement, 0.61-0.80 = substantial agreement, 0.81-1.0 = near perfect agreement. values are
reported as being within a 95% confidence interval (Cl).

We then calculated intra-scorer reliability, or how consistently each manual scorer
classified a single epoch as being the same state when presented with the epoch multiple times.
We wrote a custom R script to randomly select 600 10-second epochs from the same 24-hour
recording session, duplicate each of these epochs 5 times, randomly insert them into the original

data file, and finally randomize the order of all epochs in the data file. This new file was then
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scored by 4 experienced manual scorers, and the score consistency between duplicate epochs was

evaluated using percent agreement for each individual scorer (Table 1).
[11.i.10 Training dataset.

The training dataset consisted of 20 total days of recording from 20 different mice, scored
by 4 different experts blind to experimental conditions. Each recording was a day long (24 hours),
under several different environmental lighting conditions including LD (12h light:12h dark),
Constant Darkness (DD), and LD in the days immediately following induced delay or advance jet
lag. These conditions covered the most common light cycle paradigms used in the study of
behavioral circadian rhythms, with DD and jet lag known to induce changes in sleep timing and
quantity.'?® Data from these experiments were selected to make the dataset more generalizable to

recordings obtained under diverse experimental conditions.
I11.i.11 Correlation matrix and dendrogram.

We generated a correlation matrix to visualize the Pearson correlation coefficients
calculated for pairs of features. We used single linkage clustering to generate the feature order.**
The dendrogram measures the pairwise distance between the features using a threshold and metric
to divide the measurements called the cophenetic correlation coefficient. This allowed us to cluster

the variables according to the average distance between each subset of merged features.
I11.i.12 Dimensionality reduction using sequential feature selection.

Sequential Feature Selection belongs to a family of greedy search algorithms that are used
to reduce an initial d-dimensional feature space (where d is the number of features extracted from
the EDF file) to a k-dimensional subset (where Kk is the target number of features, and k < d). These

methods select an initial size for the subset of features, and sequentially find the features that are
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most informative at this timestep.*3! The process is repeated at the next timestep, choosing the next
feature subset depending on the previously selected features and the metric of the classifier. In the
sequential forward selection (SFS), a small feature subset is selected, and the algorithm adds a
single feature at a time to the initial subset. This process is repeated until all features are added
back in. For the sequential backward selection (SBS), the initial subset is of size d or near d, and

the algorithm removes one feature at each timestep.

IL.ii RESULTS.

I1Lii.1 Inter- and intra-scorer reliability.

To evaluate the consistency of manual scoring and ensure the robustness of our training
dataset, we first calculated measures for both inter-scorer and intra-scorer reliability. Four
experienced manual scorers from our laboratory were asked to score a total of 12,608 10-second
epochs as wake, NREM or REM, and inter-scorer reliability was determined using both Fleiss’
kappa and percent agreement. Across all three stages, manual scorers displayed high Fleiss’ kappa
agreement—ranging between 0.73 and 0.78—particularly in epochs scored as wake and REM,
with NREM Fleiss’ kappa agreement being slightly lower (Table 1). Wake and NREM showed
the highest percent agreement, with the lowest for REM bouts (Table 1).

Next, we evaluated intra-rater reliability using percent agreement. We found that, on
average, our four manual scorers were highly consistent in their scoring across all three states
(Table 1). This agreement was slightly higher for wake bouts compared to NREM and REM bouts

(Table 1).
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[11.ii.2 One-step classifier with complete dataset.

Once we established consistency and high inter-rater reliability in our manual scoring, we
examined which commonly used supervised learning algorithms performed with the highest
accuracy in sleep stage classification when trained on our dataset (see Table 2 and Methods section
for complete list). We tested each algorithm with the feature values both without scaling (Table 2)
and with scaling (Table S2, Appendix A), as the performance of some algorithms changed
depending on scaling. Although several algorithms produced an F1 score that was better than
chance using the one-step approach, classification using the gradient boosting classifier (GBC)
and bagging classifier, random forest (BCRF) resulted in the highest F1 scores.

Because both GBC and BCRF do not require scaled data as a prerequisite to their use!?6:1%2
they did not show a change in performance for one-step classification whether the data were scaled

or unscaled.
I11.ii.3 Hierarchical classifier with complete dataset.

Using a hierarchical approach, we observed improved detection of NREM and REM states
using most of the algorithms we tested, with a F1 score of 0.907 + 0.032 in the case of BCRF, an
improvement from the F1 score of 0.827 £ 0.059 obtained using the one-step approach (Table 2).
This improvement was not of equal magnitude in all three states scored. Table 2 and Table S2
(Appendix A) illustrate the performance of each classifier in first distinguishing sleep and wake,
and second distinguishing between NREM and REM. The BCRF algorithm was the highest
performing in terms of classification speed and accuracy (Tables S3 and S4, Appendix A) and was

subsequently selected as the classifier for SIESTA.
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I11.ii.4 Generalization of algorithm across genotypes and training datasets.

We validated the performance of SIESTA using a test dataset excluded from the training
dataset. This test data included WT and DS mice, manually scored by the same experts that labeled
the original training dataset.

First, we tested SIESTA with only the WT data, training the algorithm with all but one WT
mouse, using the scores from these new data as targets to validate the scoring method. This process
was repeated 20 times, with both the one-step and hierarchical classifiers. Complete results of the
scoring can be seen in Table 3. Finally, we added the first 2 hours of the manually scored data of
the target mice to the dataset to reduce the interindividual variability of the individual mice in the
training process,'*? and then re-trained the BCRF in the hierarchical classifier with this new
dataset. Using this approach, we increased classification performance for all three stages (Table
3).

These three different approaches (one-step classifier, hierarchical classifier, and
hierarchical classifier with the first 2 hours to the dataset) were repeated using a dataset consisting
of only DS mice. Compared to WT data, these F1 scores were lower than for the WT database in
the first two methods but increased in the last method (Table 3). This discrepancy could be due to
the known circadian rhythm and sleep disturbances present in DS mice!>16.

Lastly, we attempted to use a training dataset consisting of only data from WT mice to
classify data from DS mice. Once again, the best method was the hierarchical classifier using the
first 2 hours of the target mice (Table 3). Based on these results, we concluded that although
algorithm performance is best when the target data and the data in the training dataset are similar,

adding scores for 2 hours of the target data increases performance in all cases (Table 3).
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Although scoring sleep in 10-second increments is common, this temporal resolution can
result in the misclassification of boundary epochs, as sleep stage transitions can happen on rapid
timescales. Therefore, we also tested the performance of the algorithm when tasked with scoring
data in 5-second epochs. We normalized the database and validated the scores with a WT and a
DS mouse. The F1 scores for these mice were similar to those obtained using 10-second epochs,
with a score for REM of 0.75 in WT and 0.83 in DS using the One-step classifier; and 0.76 in WT
and 0.85 in DS with the hierarchical classifier (Table S5, Appendix A). These results validated the

utility of this method even when changing the epoch size.

[11.ii.5 Generalization of algorithm to datasets collected under different conditions.

Next, we assessed the performance of SIESTA in classification of sleep stages from data
recorded in a different laboratory. We trained both BCRF and GBC algorithms on either WT data,
DS data or both from the de la Iglesia laboratory dataset (IL). We then validated performance on
a dataset consisting of 8 to 10-hour recordings from 4 DS mice recorded in the Kalume laboratory
(KL) using the hierarchical scoring approach in the same process as described above (Table 4).

In all tests, the GBC and BCRF methods performed comparably well in both steps of
classification, but slightly below the classification accuracy of the scoring when both training and
testing data were IL data (Table 3). Notably, both classification methods performed better on
distinguishing between NREM and REM in KL data than in IL data (Tables 3 and 4). Additionally,
both methods performed better distinguishing wake/sleep in data gathered using a telemetric
system, and distinguished between NREM and REM with moderate accuracy (Table 4). Together,
these results validate the utility of SIESTA, and its original training data set, to score data recorded
in a different lab using a different recording system, and data gathered with a telemetric data

collection system.
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I11.ii.6 Feature evaluation and reduction.

Next, we decided to further characterize the features that we extracted from our raw data
for training. Most features were empirically chosen based on those used to identify sleep stages
according to the AASM, as well as previously developed methods for automatic sleep scoring in
rodents. The aim of this feature characterization was to find a subset of the most important features
for successful classification. Reducing the number of features used for scoring would allow for
faster and more flexible classification that could work in a real-time scoring paradigm without
significantly reducing classification accuracy.

We computed a correlation matrix to determine the extent of the similarity between features
used in training, and found highly correlated features (r>0.9) that appeared to cluster primarily in
two main groups: one with features describing the amplitude of the signal (in several frequency
bands of both the ECoG signal and EMG signals), and a second cluster that included the relative
power of all but the delta band of the ECoG signal, along with other features that describe the
frequency domain of the signal (the spectral mean and spectral entropy of ECoG) (Fig. 1).

To further characterize the clustering and correlation of the features used for training, we
constructed a dendrogram (Fig. S1, Appendix A). We found 3 clusters and 1 independent variable.
The first cluster (light blue) consisted primarily of variables related to the amplitude of the signals,
similar to the correlation matrix. The second cluster (red), containing the fewest features, included
the relative power and amplitude of the delta band and the spectral characteristics of the EMG.
The third cluster (green) contained a mix of the relative power and the energy of most frequency
bands. The only feature that did not belong to any cluster was the second ECoG index
(‘ECOGrel2’, the ratio of the relative power of the 0.5-20 Hz band and the 0.5-50 Hz band), which

has been previously identified as being useful in automated approaches to sleep scoring.*?
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After identifying subsets of features that were highly correlated, we next sought to find the
optimal subset of features for classifying sleep stages. We used both SFS and SBS to identify the
features that were the most critical for sleep stage identification. In both selection algorithms the
inflection point (the number of features at which increasing the size of the feature subset does not
significantly improve the performance of the classifier’**) of the performance curve was around 6
features (Fig. 2). Both algorithms were run with the one-step classifier using BCRF three times,
each with 5-fold cross-validation, to evaluate the robustness of the feature selection (Fig. S2,
Appendix A). In most cases the same features were identified as being the most important for
classification performance, and the inflection point of the performance curve always occurred at
6-8 features. The list of all features found by the sequential selection algorithm can be found in
Fig. S2 (see Appendix A). The top 5 features consistently identified by both SFS and SBS as being
most important were: ECoG Zero crossing, EMG Amplitude, ECoG Sleep Spindle Hanning
window (listed as ‘ECoG Spindlehan’ in Fig. S2 and Table S1, Appendix A), ECoG Delta power
and EMG Spectral Entropy. Most of the features identified have been already reported to be
relevant for classifying sleep stages, either by being used to score sleep (ECoG Delta®*®) or being
present mainly in certain stages (sleep spindles®3®).

As expected, several of the highest-rated features in all the iterations of the sequential
search method were the same. We found 5 features that were present in all cases, and these features
were spread across the three clusters identified in the dendrogram (Fig. S1, Appendix A) as well
as the two most correlated clusters of the correlation matrix. Similarly, the correlation matrix
revealed one feature identified by SFS and SBS in each cluster while the rest were not highly

correlated with any other.
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I11.ii.7 Graphical interface.

Given the success of SIESTA in sleep stage classification, we sought to ease the access of
our code to the broader sleep and circadian biology community. We developed a web-based
graphical interface that allows researchers to use our method, from pre-processing to scoring
(https://siesta.azurewebsites.net/). SIESTA takes European Data Format (EDF) files as input, an
open-source file format commonly used in both human and animal polysomnographic
recordings.’® The interface performs three basic functions. 1) Feature extraction: this function
extracts the features from the EDF file (test file) to be scored as well as from an EDF file (train
file) that the user can provide to train a new scoring algorithm. 2) Model fitting: this function fits
the training model with the features extracted from the train file. 3) Data scoring: this function
scores sleep stages using the extracted features from the test file. SIESTA returns both a file with
the extracted features as well as the sleep stages for each epoch. Users have the option to input
parameters that are specific to their experimental needs, including the sampling frequency used in
their recording, their desired epoch length and information about signal amplification. Both the
features and final score files are output in .csv format. The stored database, which consists of both
data from the de la Iglesia lab (IL) and the Kalume lab (KL) data, uses the Pickle library of Python
to store the training results in a non-binary file so that users do not need to re-train the algorithm
each time they want to score new data. A flow diagram of the complete training process and the
actions available in the graphical interface is illustrated in Figure S3 (see Appendix A).

We provide the source code freely for the graphical interface, a user’s manual, and the
database that we used to train our algorithm, as well as scripts used to validate SIESTA on

GitHub® [specific link provided after acceptance of manuscript].
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I11.iii DISCUSSION.

Using open-source coding and data management tools, we developed a novel automated
sleep stage classification system for rodent polysomnographic data we call SIESTA. First, we
compared the performance of a set of commonly used classifiers in identifying sleep stages from
a training dataset containing data from both WT and transgenic mice with disturbed sleep. From
this comparison, we identified the highest-performing classifier: a bagging classifier using random
forest as the base classifier. We demonstrated that the accuracy of several classifiers was heavily
influenced by the pre-processing of the signals, but the chosen method was not affected by this
process. While other groups have reported using the random forest classifier to score sleep, 3814
fewer have used the bagging'*! or gradient boosting ensemble classification methods.*?® To our
knowledge, even fewer approaches have used the bagging classifier with random forest as the base
classifier. We obtained high classification accuracy on par with AASM inter-rater reliability
standards using a one-step classifier for all stages, and this score was further improved using a
hierarchical classifier. We were able to improve classification accuracy even further when using a
small amount (2 hours) of manually scored epochs from the data needing to be scored. Finally, we
validated SIESTA using data collected from another laboratory and under different behavioral and
recording protocols and obtained classification accuracy that was similar.

We have used this method to score data obtained in two laboratories, including continuous
long-term polysomnographic recordings lasting over 3 weeks. Scoring this data manually is
normally a tedious, error prone and time-consuming process. The run time for the feature
extraction with the SIESTA code is less than a minute. In other words, we can score 24 hours of
recording in under 1 minute if we use our complete training data set. If the algorithm is trained on

new data, scoring 24 hours of recording takes approximately 5 minutes. Information on
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computational times associated with training and scoring with the different methods and subset of
data can be found in Tables S3 and S4 (see Appendix A).

We welcome users to contribute both data and code to SIESTA to improve its performance
and better suit their own needs. Accordingly, we provide the manually scored data we used to train
the algorithm, as well as the source code of the classifier and feature extraction methods [specific
link provided after acceptance of manuscript]. We hope that SIESTA is used in a wider range of
experimental conditions and mouse lines, which could eventually contribute to a more
comprehensive training dataset. A key feature of this code is that we do not use a time-dependent
model, meaning the score of each epoch is independent from the previous epoch, so data from
experimental animals with altered sleep architecture can be scored in an unbiased way. This
characteristic allows for the training dataset to be replaced, modified, or expanded with ease,
allowing for more flexible scoring. Even though scoring can be improved when taking the previous
epoch into account®®’ this can lead to mistakes when the sleep architecture is atypical.

Scoring with SIESTA can be done without extensive coding knowledge, and our goal is
that our simple interface and transparent analysis pipeline can make a novel contribution to the
field of automatic sleep scoring and facilitate studies involving the chronic monitoring of sleep in
the research community.#? Additionally, SIESTA dramatically reduces the time needed to obtain
sleep scores from raw data compared to manual scoring. Our code is modular and separated into 3
main processes that comprise our analysis pipeline: feature extraction, training of the algorithm
with the dataset and scoring of the experimental data file. All of the input and output files are in
standardized open-source formats, making the manipulation of data using SIESTA easy. The

motivation behind this open-source approach and the free release of SIESTA is to provide a



66

trustworthy application that can be understood and validated by the community, encouraging any
comment or modification that could improve the scoring process.

One of the main limitations of our approach is that we are likely missing the classification
boundary epochs (epochs that include more than one state or a state change). These epochs can be
difficult for both human and machine scorers to classify, and as such may decrease the efficiency
of our algorithm. Additionally, neither our manual nor automatic scorers have a criterion for the
rejection of an epoch, so all data is stored in one of the predetermined labels (including epochs
containing artifacts and transition epochs), which could also lower the performance of the
algorithm. We opted for this approach to simplify the use of the software and manual scoring of
the recording. Even with this limitation, we obtain F1 scores of between 0.83 and 0.93 in all states.

Notably, SIESTA performed comparably when validated on data collected in a second
laboratory using only IL data, although both datasets contained data from DS mice. SIESTA
additionally performed well when validated on data collected using telemetric data collection
system, despite differing appearance of artifacts in telemetric vs. tethered data collection systems
(data not shown). In the future, we aim to expand the training dataset to include more data from
additional mouse lines with altered sleep phenotypes. Additionally, we hope to test our approach
with data obtained from humans and other animal models, but there is recent work using similar
approaches that lead us to believe our method can be effective in other models. #3144 Indeed, a
recent study demonstrated that another supervised learning algorithm, deep convolutional neural
networks, can be used to predict sleep stages from manually scored data in narcoleptic mice with
a comparable degree of success as our own approach.#

An additional value of this work is the characterization of the features we use to train our

model and score recordings. Through feature correlation and reduction, we specify a small subset
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of features needed to maintain high accuracy of SIESTA. Most of these features have been
described in the literature to have a biological meaning (e.g. the relative power of the delta
frequency band in the ECoG signal, EMG amplitude, and sleep spindles), which further validated
our approach when they were found to be key in successful scoring. Other features are usually
more prominently associated with other neural phenomena, as in the case of ECoG Zero-Crossing
in the context of seizure and interictal spike detection.'*This might point to underlying biological
processes that we have yet to fully characterize and are being identified by an unbiased machine
learning algorithm. These supervised classifiers could also be finding success in scoring using the
interaction between different features in the subset identified by SFS and SBS, as an emergent
property of the complex ECoG and EMG features that by itself might not have a direct biological
interpretation.**” Finally, the reduced subset of features we identified can be useful in the
development of a real-time scoring paradigm, allowing for easier long-term closed-loop
manipulations of sleep stages in rodent models with both normal and pathological sleep, a
potentially valuable tool for the sleep and circadian biology communities.

Although deep learning approaches have shown recent success in automated sleep scoring
in both human patients and animal models (with large datasets and promising results),*8-25! we
opted for a shallow-learning approach without dimensionality reduction, allowing for greater
interpretability of the results. The knowledge that the algorithm is using features with known
biological relevance makes these results easier to approach and understand by the medical and
research communities. Still, future studies should continue to directly compare the efficacy of
supervised, unsupervised and deep learning approaches to scoring rodent polysomnographic data

from diverse mouse lines and experimental conditions.



68

Finally, the study of the circadian regulation of sleep can produce long time series data that
are often cumbersome to analyze. Our hope for SIESTA is not only to create an open-source,
community-driven tool for sleep and circadian biologists, but also to encourage other researchers
in the field not to shy away from performing experiments that would produce otherwise unwieldy
datasets. These approaches are extremely valuable in furthering our understanding of the
relationship between sleep, the circadian system and neurological and psychiatric conditions.
Long-term monitoring of sleep in pre-clinical models of disease is an indispensable tool in

understanding and leveraging these interactions to address the impact of sleep on health.



69

I1l.iv TABLES.
Table I11-i. Inter- and intra-rater reliability metrics for manual scores used in training datasets.
Inter-Rater Reliability ‘
Total Wake NREM REM
Fleiss Kappa [95% CI] 0.75 0.76 0.73 0.78
[0.744-757] [0.758-0.770] [0.726-0.738] [0.773-0.786]
Agreement 87.34% 93.55% 89.04% 84.73%
# Epochs (% of Total) 12608 5934 (47.07%) 6047 (47.96%) 627 (4.97%)
Intra-Rater Reliability
Rater Total Wake NREM REM
A 98.53% 98.89% 98.62% 95.14%
B 91.60% 93.62% 87.71% 95.00%
C 96.17% 96.21% 96.32% 93.85%
D 96.90% 97.47% 97.12% 89.33%
Average 95.80% 96.55% 94.94% 93.33%

Note. Cells under intra-rater reliability represent % agreement.



Table I11-ii. Classification accuracy by algorithm and method.

Algorithm One-step Hierarchical Hierarchical + 2 h
Logistic Regression 0.78 (0.081) 0.35 (0.074) 0.86 (0.060)
Linear Discriminant
Analysis 0.77 (0.090) 0.85 (0.077) 0.85 (0.077)
K-nearest Neighbors
Classifier 0.76 (0.074) 0.51 (0.009) 0.84 (0.060)
Decision Tree Classifier 0.72 (0.076) 0.84 (0.043) 0.84 (0.038)
Gaussian Naive Bayes 0.52 (0.18) 0.35 (0.87) 0.60 (0.149)
Passive Aggressive
Classifier 0.71 (0.079) 0.48 (0.055) 0.77 (0.0113)
Ridge Classifier 0.70 (0.082) 0.85 (0.077) 0.85 (0.077)
Logistic Regression, cross 4 29 g77) 0.36 (0.086) 0.86 (0.062)
validation
Bernoulli Naive Bayes 0.60 (0.163) 0.50 (0.032) 0.75 (0.118)
Nearest Centroid 0.54 (0.129) 0.49 (0.013) 0.67 (0.135)
Random Forest Classifier 0.80 (0.061) 0.89 (0.030) 0.89 (0.028)
Ada Boost Classifier 0.79 (0.066) 0.88 (0.040) 0.88 (0.040)
_'?fgeg'”g Classifier, Decision 4 79 (5 0g1) 0.89 (0.030) 0.88 (0.033)
Extra Trees Classifier 0.80 (0.063) 0.89 (0.031) 0.89 (0.033)
Gradient Boosting
Classifier 0.83 (0.057) 0.90 (0.035) 0.90 (0.035)
Perceptron 0.72 (0.112) 0.49 (0.006) 0.78 (0.077)
Bagging Classifier,
Random Forest 0.83 (0.060) 0.91 (0.032) 0.91 (0.032)
Bagging Classifier, Extra 0.82 (0.062) 0.90 (0.034) 0.90 (0.032)

Trees

Note. Values represent F1 scores (with standard deviation in parentheses). Hierarchical + 2
h refers to the method of adding two hours of manually scored data from the target mouse to the

training set for the classifier. All data are unscaled.



Table Il1-iii. Sleep stage classification accuracy using subsets of the training data.

Wild Type Training/Wild Type Validation

Method Wake Sleep NREM REM
One-Step 0.94 (0.015) 0.90 (0.017) 0.77 (0.038)
Hierarchical 0.94 (0.017) 0.92 (0.021) 0.94 (0.019) 0.81 (0.036)
Hierarchical + 2 h 0.96 (0.031) 0.94 (0.038) 0.95 (0.039) 0.84 (0.054)
Dravet Syndrome Training/Dravet Syndrome Validation
Method Wake Sleep NREM REM
One-Step 0.85 (0.059) 0.82 (0.094) 0.60 (0.048)
Hierarchical 0.85 (0.061) 0.82 (0.115) 0.91 (0.054) 0.70 (0.084)
Hierarchical + 2 h 0.94 (0.013) 0.93 (0.028) 0.95 (0.016) 0.81 (0.054)
Wild Type Training/Dravet Syndrome Validation
Method Wake Sleep NREM REM
One-Step 0.84 (0.091) 0.86 (0.048) 0.68 (0.081)
Hierarchical 0.85 (0.097) 0.88 (0.058) 0.88 (0.072) 0.75 (0.082)
Hierarchical + 2 h 0.88 (0.049) 0.89 (0.030) 0.89 (0.037) 0.76 (0.061)

Note. Cells contain F1 accuracy scores (and standard deviation in parentheses). Hierarchical
+ 2 h refers to the method of adding two hours of manually scored data from the target mouse to

the training set for the classifier. All data is unscaled. WT database n= 14, Dravet syndrome

database n=6.



72

Table 111-iv. Comparison of sleep stage classification accuracy of data from another laboratory
and data from another data collection modality.

IL Wild Type Training/KL Validation

Method Wake Sleep NREM REM
GBC 0.77 0.86 0.95 0.80
BCRF 0.74 0.78 0.94 0.78
IL Dravet Syndrome Training/KL Validation
Method Wake Sleep NREM REM
GBC 0.68 0.73 0.94 0.83
BCRF 0.69 0.73 0.94 0.82
IL Full Dataset Training/KL Validation
Method Wake Sleep NREM REM
GBC 0.77 0.89 0.91 0.77
BCRF 0.79 0.88 0.91 0.77
Full Tethered Dataset Training/Telemetric VValidation
Method Wake Sleep NREM REM
GBC 0.88 0.84 0.82 0.67
BCRF 0.89 0.86 0.85 0.70

Note. Cells contain F1 accuracy scores obtained using the hierarchical classification
approach. All data is unscaled. de la Iglesia lab Wild type database n= 14, Dravet syndrome n=6,
Telemetric n = 2 (wild type). Kalume lab Dravet syndrome database n = 4. IL = de la Iglesia lab,
KL = Kalume lab, GBC = gradient boosting with random forest classifiers, BCRF = bagging

random forest classifiers.
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I1l.v FIGURES.

Figure I11-i. Correlation matrix of the features from the complete dataset.
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correlation). Each of the above features is described in detail in Table S1, Appendix A.
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Figure I11-ii. Performance under sequential feature selection of the BCRF algorithm trained on
the complete training dataset using a one-step approach to classification.
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Note. The blue dots indicate the mean F1 values from 3 runs of the sequential feature
selection method, and the light blue shaded area represents the standard deviation in each case. A)

Sequential Forward Selection, B) Sequential Backward Selection.
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Chapter IV. SLEEP, WITH BOTH EYES OPEN: SYSTEMIC BIAS,
INTERSECTIONALITY, AND SLEEP RESEARCH

As demonstrated over the past three chapters, there exist a myriad of ways in which sleep
can be studied. Each method highlights different components implicated in the systems controlling
sleep that can, in turn, inform decisions on how sleep disruptions can be most effectively discerned
and addressed in humans. In Chapter 11, for example, I showed how we may understand the origin
of sleep disruptions in individuals with post-traumatic stress disorder (PTSD) through the potential
interactions between neural systems differentially governing circadian rhythm and the innate fear
response. In Chapter 11, I demonstrated how we may use computational methods to study and
analyze sleep patterns in mice, with the goal of both making this process as user-friendly as
possible and setting up potential translational methods for humans. While the core methodology
between the two chapters differ — the former being primarily concerning behavioral data; the
latter, computational analyses — both are focused on the concept of sleep, serving as two examples
of ways one may study sleep. In this way, the act of studying sleep is akin to looking inside of a
kaleidoscope; shift your gaze — your method of inquiry — even slightly, and the observations you
work with — your variables — will shift accordingly. That is to say, when studying sleep, we are
never just studying sleep; there is likely not a singular, concrete concept of ‘sleep’ we are studying,
but rather a collage of different, very closely tied concepts that, when pieced together, allow us to
better explain what makes for better or worse sleep. As stated by Glenn Begley and John loannidis
(2015) when speaking of the research process in general, “Our knowledge is fragmentary. Many,
perhaps most of our models are naive and our constructs are often rough approximations of the
truth,”1>?

Core to ameliorating some of the difficulties that arise from this fragmentary nature of the

research process is the obligation to make science as reproducible and replicable as possible. That
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is, for research to be trustworthy, have a recognizable impact on human health, and make an
effective use of funding, it is important to ensure the research is done as carefully and meticulously
as possible with proper justification from prior research. This has led to the form of a general
research article; scientists clearly state the methods taken (everything from foundational ideas and
data collection to statistical analysis and interpretation) to reproduce or replicate the results
reported. Akin to saying, ‘if you look at the kaleidoscope from this specific angle, you will see
what I see’, attempts by other scientists to reproduce reported results will not yield exactly the
same results, but what is important is that the major conclusions are reproduced.*®? In other words,
science reproducibility and replicability primarily serve as methods to account for the fragmentary
nature of knowledge generation, where those findings that can be reproduced or replicated are
those more likely to be used as foundation for further research.3

This obligation towards scientific reproducibility and replicability (conducting a similar
study with some differences in methodology) can lead to conflict with experimental exploration,
where investigations based on less scientifically established phenomena are more likely to be
groundbreaking but are simultaneously less likely to be replicated.*>® In other words, proposed
research cannot be so novel such that it is completely unrelated to what is established in science,
but cannot be so replicable that it effectively re-treads established theories.'>® The practice of
research necessarily involves grappling with this inherent conflict; due to the sheer vastness of
what is unknown, decisions regarding what information is important to the research at hand and
what information is extraneous must be made to limit the complexity of the topic. Otherwise, if
the topic studied involves highly complex associations and interactions, it runs the risk of being
largely non-replicable and, thereby, less scientifically trustworthy than those smaller yet more

replicable studies.!>
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It is this action — the act of deciding what information is or is not important to the present
research topic — that has important effects for the shape of the research project. For instance,
when studying sleep quality, how many factors should be studied at once? If the research project
is focused on trauma, should it also account for all the other factors that are known to play a role
in trauma, including demographic or genetic influences? Should knowledge of sleep gathered in
one social context be applied to a different social context, or should they be treated as separate
phenomena? And, perhaps most importantly, should all such decisions made regarding what
information is deemed relevant (i.e., the underlying conceptual framework) be stated as explicitly
as possible? Again, ensuring trustworthy knowledge is the goal of reproducible science, and this
goal is primarily fulfilled by making scientific method utilized in the study as transparent and
accessible as possible. That said, even with the most diligent precautions taken to ensure
transparency of the entire research process, the reality is that methodology cannot be applied
exactly the same as before, especially given that each researcher necessarily brings parts of
themself into the research process.’>* As a result, science necessarily cannot be fully transparent
as subjectivity (i.e., the impact of one’s beliefs, feelings, and experiences) may be “an inevitable
part of the research process”.*®* One’s standpoint (including their social identity, background, and
personal beliefs) necessarily plays a role in research'® — whether or not one is aware.

In more qualitative methods-based research fields (e.g., social sciences), the act of
attempting to account for researcher subjectivity during the research process is known as
‘reflexivity’, wherein the researcher recognizes their own social background and prior assumptions
and acknowledges the ways in which these subjectivities influence the research findings.*>* While
evidently more pertinent for quantitative data (e.g., when performing interviews regarding sleep

quality, an interviewer who has experienced poor sleep may elicit differing responses from the
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interviewee compared to one who has not), the goals of reflexivity may similarly hold utility in
improving the downstream efficacy of quantitative research. Given that the goal of reflexivity is
for the researcher to demonstrate self-awareness regarding the ways in which their subjective
beliefs and experiences shape their research, such self-awareness may aid in furthering research
transparency and, resulting, research trustworthiness.

Research transparency and trustworthiness hold important positions in regards to

socioeconomic and cultural factors that contribute to health inequities®®

— including the quality
and experience of sleep.r®” Lack of transparency regarding subjectivities influencing decisions
made throughout the research project may, inadvertently or otherwise, serve to mask throughlines
between pre-existing biases and reproduction of these biases through a structured system of
research. Correspondingly, mistrust in medical research — an institution founded on a history of
supporting or even strengthening discriminatory beliefs and actions — continues to harm the same
populations the longer the underlying beliefs and histories remain unaddressed.**® Thus, while not
a total salve for systemic bias, what may serve to alleviate some of these harms is 1) greater
transparency regarding judgments made at each step of research, and 2) greater recognition and
acknowledgement of one’s subjectivity and how it relates to the research topic.

In this chapter, I will focus on the motivations behind incorporating reflexivity to sleep
research processes, what this may look like, and the ideal outcomes. To do this, | will examine
how quantitative research is used to recreate pre-existing, historical sociocultural disparities that
inevitably harm already underrepresented populations. By relying on the analytical framework of
intersectionality,*>® | hope to make clear the ways in which pre-existing sociocultural disparities

may find their way through implicit beliefs (either from the researcher or the institution of research

itself) to ensuing research into sleep and touching various steps of the process — from data
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planning collection to clinical studies and beyond. I argue that current sleep research and clinical
guidelines fail to adequately acknowledge the ways in which sleep disparities arise throughout the
scientific and clinical process, and that there are ways to address and possibly ameliorate these
harms at each step.

I’ve structured this chapter to capture the general steps of the scientific method: In section
1, 1 will define the scope of this chapter, providing examples of factors which contribute to sleep
disparities (focusing on sex, race, and socioeconomic status) and highlight the ways in which these
factors may interact with and compound upon one another to promote unique effects on sleep
efficacy. In section 2, | will examine the structure of sleep research and, examine the steps taken
by researchers to try to account for these disparities, and the ways that, despite these attempts, pre-
existing disparities still find their way through to the research project. In section 3, I will delve
deeper into the process of experimental data analysis, using the lens of artificial intelligence (Al)
methods to further highlight the ways these previously identified disparities arise in data analysis
and interpretation. In section 4, | will examine the output of this research in relation to its intended
goals — not only where those goals were met, but also where & how those goals were not met —
as well as discussing potential methods to account for pre-existing disparities at each step of the
scientific process and how the concept of reflexivity may provide some aid in accounting for these
disparities.

The goal of this chapter is to provide a framework to think about justice and equity in the
process of researching sleep and sleep disorders, as well as the role of the researcher’s standpoint
in the entire process. | will be focusing on sleep because of the core role it plays in general
wellbeing. Given how remarkably adaptive sleep is, | believe the study sleep deserves to be

conducted in a way that truly respects this adaptivity.
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IV.i FACTORS OF DISPARITIES IN HEALTH AND SLEEP.

The term ‘health’ broadly encompasses physical, mental, and interpersonal well-being. The
most prominent survey for health status, the 36-item short-form (SF-36), captures health in the
components of physical health (including physical function, bodily pain, and general physical
health) and mental health (including feeling energized, social functioning, emotional functioning
and general mental health).’®® As discussed in previous chapters, sleep quality is a major
determinant of health and, as such, is necessarily a core component of health; poor health tends to
accompany poor sleep quality.t6t

Sources that aid in creating disparities in health and sleep come from variety of
environmental, psycho/physiological, and, importantly, sociocultural factors.*®11%2 To illustrate
how sociocultural factors impact health and sleep, | will examine how biases and discriminatory
beliefs based on biological sex/gender identity and racial/ethnic identity have had a recognizable
effect both in terms of general health as well as specifically for sleep. While I will initially discuss
these as though they are entirely separate factors, I will discuss how these two factors — as well

as other sources of health disparities — interact to generate unique circumstances that influence

sleep.
IV.i.1 Biological sex and gender identity. note 11

Biological sex and gender identity naturally play a fundamental role in all of life — so

much so that, in 1993, the National Institutes of Health (NIH)’s Revitalization Act mandated that

11 Biological sex refers to a construct based on genetics and anatomy, while gender identity refers to one’s internal
sense of their gender often constructed in relation to societal gender roles. In most cases these two are congruent
(i.e., those assigned male at birth tend to identify as men; those assigned female at birth tend to identify as women),
but there are important nuances that | am unable to fully explore here. While it may appear that | generally conflate
the two in this section, | wanted to make clear that these are two separate constructs — not synonyms for the same
concept.
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women be adequately represented in clinical trials.!®® Later, in 2015, the NIH published policy
guidelines necessitating that all NIH-funded projects examining vertebrate animals or humans
must include data from both male and female subjects unless otherwise justified.'®* Looking at
how the historical exclusion of women from the clinical research trials has, at best, inadvertently
led to disproportionate harms,*% this decision makes complete sense: absence of disease-related
data in women has led to disparities in recognizing symptoms of a problem, making an accurate
diagnosis, and, consequently, giving relevant and effective solutions to help address the disease.'®
This problem can be most clearly exemplified by the sex-based disparities in
cardiovascular disease (CVD): despite being the cause of death in 35% of women, the exclusion
of women from CVD clinical trials has led to the perception of CVD being a ‘man’s disease’. As
a result, when seeking treatment for CVD, physicians often assume that the primary symptoms
highlighted by the majority of prior research — most prominently, chest pain — are uniform for
both men and women. % For instance, when being evaluated for a potential heart attack, a majority
of men and women present with chest pain (89.5% and 87.0%, respectively).'®” However, women
are more likely to present with additional symptoms, potentially contributing to both the patient
and the physician being more likely to misinterpret the cause of the symptoms in women compared
to men.681%7 This all culminates in women being less likely to be accurately diagnosed with CVD,
subsequently leading to poorer treatment and worse clinical outcomes.*%¢1%” What | hope is clear
from this example is that, due to the relative dearth of clinical research on CVD in women, the
historical bias of ‘male being the norm population’!®® and the subsequent harms caused by this
bias are effectively recreated in the context of clinical research and treatment of CVD in women.
Sex-related disparities in sleep have been found, with women generally sleeping longer

and having greater sleep quality compared to men across the lifespan.’® These findings are
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primarily based on objective measurements using polysomnography (PSG), with women more
frequently exhibiting slow wave sleep (SWS; indicative of deeper sleep) as well as less total wake
time during a night of sleep.'% Paradoxically, women are more likely to report sleep disruptions
(such as insomnia) across the lifespan.'®® As highlighted in a review by Mong and Cusmano
(2016), two factors potentially explaining this apparent paradox are 1) sex-based differences in
circadian rhythms, which are daily rhythms that heavily regulate sleep timing, and 2) the impact
of sex hormones on sleep.!6®

In both humans and animal models, sex-based differences manifest in multiple facets of
circadian rhythms, such as differences in the shape of the suprachiasmatic nucleus (SCN), the
‘central pacemaker’ which regulates circadian rhythms throughout the body; differences in neural
pathways to and from the SCN; and differences in expression of circadian rhythms in clocks
located throughout the body as well as behavioral expression of circadian rhythms.*%° Furthermore,
while it is unclear if sex hormones (particularly testosterone) has any effect on sleep in men,
estrogen and progestin have been shown to affect sleep quality and timing in women, with
frequency of sleep complaints generally accompanying fluctuations in presence of hormones in
the body.’®® Finally, unlike men, women naturally undergo substantial changes hormone
production during their midlife — a process known as menopause, which is associated with
increased sleep disruptions'’® as well as greater risk of CVD.'"

Despite these findings, and just like CVD research, women have been historically
underrepresented in studies of sleep, and only recently are these disparities being properly
addressed. For instance, in 2013, the U.S. Food and Drug Administration issued the first sex-
specific guideline for treatment of any sleep disorder.'”? It is difficult to determine the extent to

which such historical underrepresentation in research has impacted the health of women
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experiencing CVD or sleep disruptions. Despite the potential role of hormonal fluctuations in
influencing sleep quality, scientific research into menopause primarily began in earnest during the
mid-1990s!® — and even then, much of this work excluded minoritized racial/ethnic
populations.t’ What is clear is that historical biases against women, and the idea of ‘male is the
norm population’, has had rippling consequences on how sleep research is done, how its findings

are applied, and what sex stands to benefit more from the research.
IV.i.2 Racial/ethnic identity. note 12

Another major source of sleep disparities is racial/ethnic identity. Like biological
sex/gender identity, racial/ethnic identity has wide-ranging effects on many aspects of health.1’®
Alongside mandating increased inclusion of women in clinical trials, NIH’s Revitalization Act of
1993 also mandated increased inclusion of those from underrepresented racial/ethnic backgrounds.
This was in part an attempt to account for the historical underrepresentation in research, caused by
years of discriminatory beliefs, practices, and structures that not only prevented participation of
underrepresented individuals in research, but actively supported prejudiced beliefs regarding these
identities. '8

One example of such discriminatory beliefs being actively supported by research
institutions is the 19" century practice of craniometry, where the size of the cranium was purported
to be correlated with intelligence and was used to argue that Black people were lesser humans than

White people.’® Another salient example of discriminatory practices causing lasting harm to an

12 While some may argue the presence of a biological/genetic basis of race, | would argue that it is primarily
conceived as a social construct founded on historical sociopolitical processes that, while still being a construct, has
and continues to affect lives of countless individuals.'” Ethnicity, on the other hand, is primarily founded on
sociocultural ancestry, with shared beliefs and norms being the core basis.™ Lee (2009) captures the nuanced
differences between the two that is often missed when discussed in the context of biomedical research, especially
when both used as a proxy for some underlying biological difference.*”* While I will generally use the two terms
interchangeably, nuances in the meaning and conceptualization of ‘race’ or ‘ethnicity’ are complex — far too
complex to fully capture here.
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underrepresented population is the 40-year Tuskegee syphilis experiment (from 1932 to 1972),

where 399 Black men were deliberately and covertly denied treatment for their syphilis
diagnosis.}”” Even now, the legacy of the Tuskegee experiment has had lasting effects on
interactions between Black individuals and research institutions, with individuals from these
populations expression greater doubt regarding whether they would truly stand to benefit from the
results of health research.'>® To these populations, the research institutions are seen as active agents
in continuing to re-create discriminatory beliefs through research.

Once again, similar to women, racial/ethnic identity-related disparities in sleep have been
found, but, due to similarly poor inclusion of underrepresented populations in sleep studies,
evidence of these differences are limited — especially regarding sleep disparities for Hispanic,
Asian, and other racial-ethnic groups.'’ That said, underrepresented populations (Black, Hispanic,
and Asian) tended to sleep less than White populations®*7® and were more likely to present with
sleep disturbances,*”® with Black populations particularly having poorer sleep efficiency and
tending to remain in lighter stages of sleep.!” As reported by Giddens et al. (2022), when
examining specific income groups (low, middle, or high), White children generally have higher
total sleep time (TST) compared to children of the same income group who identified as Asian,
Black, Hispanic, or ‘Other’.1® Furthermore, in some cases, TST in low-income White children
surpassed that of high-income children from other racial/ethnic backgrounds.'”® While there is
some evidence of racial-ethnic differences in timing of circadian rhythms,*° the larger explaining
factor for these disparities in sleep duration is likely due to differing exposure to
socioenvironmental stressors.

As Keisha Ray examines in her book Black Health (2023), Black people are more likely to

live in areas with greater light and noise pollutants, are more likely to experience hypervigilance
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during the night, and are more likely to experience effects of environmental racism that negatively
impact health and sleep.*® For many Black people, conditions like these are a fact of life, and their
sleep has seemingly adapted to these difficulties; despite sleeping less (as determined by objective
measurements of sleep), both Black and Asian individuals are less likely to report sleep complaints
compared to White individuals.'™ At the same time, when studying sleep, such
socioenvironmental barriers to sleep are not entirely captured, with many studies often studying
the dynamics of sleep under ideal circumstances — free from the influence of noise pollution or
emotional strain of hypervigilance. As a result, advice for good sleep taking the form as ‘sleep
hygiene’, too, assumes the individual has the ideal conditions for the recommendations to have the
greatest impact on sleep quality. As stated by Ray (2023), sleep hygiene is ultimately
inconsequential advice for underrepresented communities, as it “does not account for people’s lack
of access to what they need for sleep health”.>®

Embedded in these disparities is a cultural element of sleep recommendations that can be
clearly seen when we examine recommendations for infant sleep. For instance, the act of ‘co-
sleeping’ (wherein a parent and their child shares the same bed)'®! is often opposed in many
Western, typically American parenting advice books.'® Rather than sharing a bed, American
parenting advice tends to advocate for ‘sleep training’ the child by letting them sleep independently
and, when they vie for attention, letting them ‘cry-it-out’.!®? This is despite the historical
importance of co-sleeping in human existence and culture,*! partly due to role of physical touch
during sleep in an infant’s development.!8® This discrepancy is best captured by Elaine Barry,
when she writes, “Co-sleeping is a complex familial phenomenon that has yet to be well
understood by Western scientists.”*®® As she later notes, co-sleeping is more common in

racial/ethnic minoritized groups, as well as in families with lower socioeconomic status. Like those
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represented by the term sleep hygiene, what | hope is clear is how these recommendations are
primarily coming from unstated goals from a particular perspective — that is, a middle- to upper-
class White Western perspective — that are then overextended to circumstances outside of its
reach. Despite these recommendations being clear benefits of sleep research, it is clear those who
stand to gain are those who are most represented in research, while underrepresented populations
may similarly try and likely fail in the attempt or, even if they achieve the sleep hygiene goals,
they may see less benefit; these findings aren’t for them, and attempts to benefit from specific
findings may, ultimately, do more harm than good.

Other sources of sleep disparities and intersectionality.

Although touched on in the two preceding sub-sections, there are many other sources of
disparities for sleep. Two such examples are 1) socioenvironmental factors, capturing the effects
of mental and emotional wellbeing®*; and 2) socioeconomic status (SES), capturing the effects of
one’s social position and degree of access to resources.’®® As suggested when discussing
hypervigilance and sleep disturbances, perceptions of safety in the current environment have
influences on emotional wellbeing and sleep quality.*® Living in a community that feels safe, or
even sleeping near someone you trust, can help improve sleep quality.'!8 Similarly, being a major
determinant of health, lower SES has been associated with poorer sleep quality based on objective
measurements.*®® Specifically, lower SES is associated with less overall sleep, greater arousal
during sleep, and more variability in sleep timing. 8 These two examples highlight the role of
social context in determining sleep quality, among many other factors.

Across all sources of disparities mentioned so far, | want to be clear that all of these are not
factors we can study in a vacuum. Instead, they all interact with and compound upon one another,

necessitating a more holistic approach to understand how these different factors interact to generate
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unique conditions for sleep disruptions. To make these interactions more explicit, I will be using
the analytical framework of intersectionality, introduced by black feminism theorist Kimberlé
Crenshaw. Intersectionality is a framework used to analyze how an individual’s different
sociopolitical identities — including biological sex and gender identity, racial and ethnic identity,
SES, and more — interact to produce unique conditions of discrimination and privilege.®’

In the context of biomedical research, the historically dominant perspective (and thus
primary target for much of the findings of biomedical research) has been middle- to upper-class
white men.*®’ Even when considering potentially implicit identities that confer additional
privileges (e.g., able-bodied, neurotypical, living in more urban contexts), this perspective already
posits a population situated in the intersection of sex, race, and socioeconomic position that stands
to benefit most from biomedical research.®” As previously discussed, any ‘deviation’ in any one
of these three axes — being female, being part of an underrepresented population, or having lower
SES — is enough to impact health.

However, when viewing biomedical research from the perspective of intersectionality,
while deviation on any one axis can lead to disadvantages, deviation on multiple axes can lead to
unique advantages or disadvantages. For instance, when considering sex-based discrepancies in
CVD, socioeconomic and sociocultural factors play a stronger role in the development of CVD in
women compared to men.®® Similarly, not only do sex and race both effect sleep independently,
but they also interact to produce even harsher effects on sleep such that, when examining average
sleep duration in Black populations, Black men tend to sleep less compared to Black women.*®
Finally, despite experiencing previously discussed disadvantages due to the ‘male as the norm
population’ bias in biomedical research, middle- to upper-class White women still draw greater

benefit from CVD and sleep research compared to Black women. 16672
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This leads to a core question: how should we, as sleep researchers, properly account for
such disparities that arise through interactions of various identities underrepresented in research
— let alone from a single underrepresented identity? Properly answering this question warrants a
deeper interrogation of the structure of sleep research, focusing on how the implicit yet dominant
perspective in sleep research can lead to potentially harmful assumptions for each step of the

research process.

IV.ii STEPS OF RESEARCH AND BIAS.

Regardless of the finer details of the exact methods described in a research project, the
overall process generally follows the eight steps: problem statement, research question, conceptual
approach, research design, subject inclusion, data collection, data analysis, and conclusions.® As
Rogers & Kelly (2011) argue, biases like the ones described in the previous section may manifest
at any step in this process.*®” Furthermore, because biomedical research studies generally do not
directly address relationships between ethical issues of social justice and factors leading to poor
health outcomes (particularly in context of intersectionality),!8” each of these steps have unique
susceptibilities for the potential of biases to be effectively recreated.

In this section, | will focus on the first six steps, examining the last two steps of data
analysis and conclusions in further detail in the following section. I will describe the goals and
intents of each of the six steps, safeguards used to ensure each step is as scientifically robust as
possible, and the ways in which unconscious biases — primarily those originating from an implicit
perspective laden in biomedical research — may nevertheless appear despite such efforts. From
there, | will give examples of how such biases may manifest in sleep research using 1) humans
and 2) animal models. The goal of this section is to fully explicate the problem of bias in

biomedical research, describing the ways in which biases may be recreated anywhere in the
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research process. The examples | will serve to clarify how such biases may present in the designs

of human and animal research.

IV.ii.l Steps of biomedical research — from research purpose to data

collection.

As previously described, the research process can be summarized into eight steps: problem
statement, research question, conceptual approach, research design, subject inclusion, data
collection, data analysis, and conclusions.'® What I will show is that, for each of these steps, there
are crucial decisions made regarding what information is relevant to the research project, and what
information is extraneous. It is in these decisions at each step that the researcher’s subjectivity —
their social background, experiences, and beliefs’®* — may (unintentionally) influence what is
decided. To illustrate this, | will focus on the first six of these steps (with the last two being the
focus in the following section):

1. Problem statement and research question — Addressing the gap in knowledge outlined by the
problem statement is the fundamental goal of a research project. The problem statement defines
the primary topic of interest for the research project, thereby serving as guidance for all
following steps in the process.'®® Conversely, where the problem statement defines the topic
of interest, a research question defines the purpose and focuses of the study. This research step
fully articulates the question the research project will seek to answer, thereby (ideally)
addressing the gap in knowledge highlighted by in the problem statement.'® Given these
definitions, one can quickly identify how a researcher’s subjectivity may play a direct role in
this step. Research is sometimes (derogatorily) referred to say ‘me-search’ due to the ways in
which the researchers’ subjectivity sometimes drive the subject matter they research.1891%0 |t

is often difficult to fully dissociate a researcher’s scientific interest from their personal interests
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— especially for those whose scientific interests are spurred by a related personal
experience.'8 Put simply, researchers’ subjectivities (and any biases that accompany them)
cannot easily be extricated from the problems they focus on in their research, and this
necessarily extends to decisions regarding research problem and question.

Conceptual approach and research design — These two steps concern the planning and design
of the study; the former specifies what factors are relevant to capture, what associations are
anticipated, and effectively guides interpretation of the data acquired.*®® Conversely, the latter
specifies how the study will be conducted, describing what participants will take part in the
study and what methods will used.'® These two steps heavily rely on findings from prior
research, using potential theories and explanations described in other studies to help refine the
current study (e.g., helping determine which variables are most likely to be relevant, what
methodology would be most appropriate for the research topic).'® Another goal of using prior
research as foundation is to ensure robust intellectual thought; by justifying the study by
compiling evidence in the form of (relevant) prior studies, not only does this give justification
for the current study, but peers can also critique the reasoning in order to improve the study’s
conceptual framework. However, unlike the previous two steps where the source of bias was
more likely to originate from the researchers’ own subjectivities, here biases may arise due to
historical-rooted discriminations and inequities in biomedical sciences. As mentioned above,
the historically dominant perspective in health research is that of a middle- to upper-class white
man'® and, as such, the bulk of biomedical research implicitly holds this assumption. In this
case, decisions of what prior studies are relevant to the current study will primarily draw from

those studies with these biases. Thus, if left unaddressed and unaccounted for, follow-up
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studies that use these studies as conceptual foundation are liable to continue recreate this
perspective, inadvertently allowing these biases to continue.

Subject inclusion and data collection — Where the previous two steps concerned study
planning, these steps concern study execution. For instance, in human subjects research,
subject inclusion is based on a specific target population (relevant to the study),
inclusion/exclusion criteria, and selection procedure.*®® Once a part of the study, subjects will
undergo methods outlined by the research design step and all data collected will be stored for
analysis and interpretation.'8 Hence, these steps are intended to perform the study and collect
data as outlined in the previous steps. Given that this occurs after rigorous literature review
and rounds of peer review, potential problems of biases or flawed reasoning are intended to be
ironed out by the time the study is finally executed and data is collected. Despite this, and as
discussed before, researchers necessarily bring a part of themselves into the research
process,’>* thereby leading to some differences between conceptual framework of the study
and the actual execution of the study. Furthermore, while generally using prior literature as
justification (which alone, as discussed above, runs the risk of recreating biases),
inclusion/exclusion criteria are often insensitive to disparities in certain populations caused by
sociopolitical problems. For instance, when selecting studies for meta-analyses, one of the
most common exclusion criteria is the study being reporting in a language other than English°!
— a language that, despite being the native language of 7.3% of the world’s population and
spoken by less than 20%, is the de facto lingua franca in the world of the science and
academia.'®? In addition, according to a report examining 74 countries, children who attended
higher SES schools were exposed to more foreign-language classes than those in lower SES

schools,*® highlighting the relationship between foreign language learning and socioeconomic
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privilege. This all suggests that the decisions regarding what subjects are included or excluded
from the study, while relying on prior research, may recreate the same perspectives implicit in
biomedical research.

What | hope is clear is that, just as highlighted by Rogers & Kelly (2011), ensuring
biomedical research adheres to principles of equity and justice requires researchers to take a more
informed approach throughout their research process.'®’ The above represent examples of some of
the various ways in which the researcher’s subjectivity or biased perspective in research literature
may continue to be recreated in new research projects. That said, so far | have examined this
appearance of bias in research in a more general sense. To further clarify this point, I will now turn

to examples of data collection in human subjects and animal models.
IV.ii.2 Human studies.

As described in Chapter I, one of the most important inventions in the history of human
sleep research is the PSG — a technique that combined data acquired via electroencephalography
(EEG; capturing neural activity from the scalp), electromyography (EMG; capturing muscle
activity) and electrooculography (ECG; capturing eye activity) to examine neural processes
occurring in an unconscious individual.*** This method is often done during in-lab sleep studies,
where the individual comes into a laboratory, is connected to all of the data collection modalities,
and sleeps in the lab overnight while data is collected (with in-home sleep studies being a viable
alternative that is more comfortable for the participants yet less controlled).*** As the gold-standard
for human sleep research, PSG is capable of diagnosing a variety of sleep disorders (including
excessive daytime sleepiness, sleep apnea, narcolepsy, sleep movement disorders, parasomnias,

and even nocturnal seizures).!®* As noted by Markun and Sampat (2020), a notable limitation of
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PSG is what is known as the ‘first night’ effect, where individuals tend to have worse sleep when
sleeping in a unfamiliar environment (e.g., a laboratory).*%*

This leads to two underrecognized but pertinent matters related to justice and PSG-based
sleep studies. The first has to do with the interaction between the first night effect and how, for
example, Black individuals experience sleep and how they regard research institutions. As stated
before, compared to White individuals, Black individuals are more likely to experience
hypervigilance during the night,}” and are less trustful of biomedical institutions.*® This likely
culminates in the finding that Black individuals tend to have lighter sleep for in-lab sleep studies
compared to in-home (with the opposite being true for White individuals), possibly reflecting the
greater degree of discomfort experienced by Black people who take part in sleep studies.'®® The
second matter is the head cap used to capture EEG, which was not designed with afro-textured hair
in mind.” Because dark, afro-textured hair is not a common hair type of the populations in mind
when the cap was designed, data collected from those with such hair types are more likely to be of
poorer quality.

These two issues emphasize how prior research may inadvertently be used to harm
underrepresented populations. In the first case, based on much of the prior research, one could
reasonably conclude that in-lab PSG would be the ideal method for all participants, not attending
to the differing social contexts between Black and White individuals that may impact their sleep.
In the second case, poor data quality means these data are more likely to be discarded — leading
to continued underrepresentation, this time due to (likely unintentionally) discriminatory

hardware.1%
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IV.ii.3 Animal models.

Mice (specifically the C57BL/6 strain) are one the most frequently used mammals for
modeling human sleep disorders.”” Given the comparative advantages of utilizing mice, it’s clear
to see why: mice have a much shorter lifespan and gestation period (about 3 weeks, compared to
about 9 months in humans), meaning hereditary disease can be examined relatively quickly; the
mouse genome has been fully sequenced, allowing for a variety of genetic tools for developing
models for various human disorders; additionally, mice share about 95% of their genes with
humans; finally, mice generally take up less space due to their small size, making relatively
inexpensive to maintain colonies.'®” On top of all this, not only is the function and importance of
sleep generally conserved in mice,”® but certain sleep-related neural features have analogies in
mice.®® These facts make mice an ideal model for studying circadian rhythms and sleep disorders.
To better discuss this use of mice in studying sleep, | will be referring to the data | presented in
Chapter 11 regarding contextual fear and the re-emergence of abnormal circadian behavior.
However, | will first discuss the value of using mice as a model for sex differences in human sleep.

Mice are a common model for studying potential sex differences in various physiological
functions'®® — including sleep.?®® Similar to women, changes in circadian rhythms, sleep, and
sleep architecture (i.e., the temporal organization of each sleep stage) are associated with
fluctuations in sex hormones in female mice.?%?%! Contrary to women, however, female mice tend
to spend less time asleep and have less sleep fragmentation compared to male mice.?®® Despite
these relatively mixed comparative results, it is clear that the relationship between sex (including
the role of hormones) and sleep is increasingly being seen as a vital aspect that may aid in
translating findings from animal models to humans.?®? In a national survey of 1234 American

biomedical researchers, 47.51% of respondents agreed that sex as a biological variable will
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improve translation to humans (with 34.77% being unsure and 17.72% disagreeing),?® further
emphasizing this increased awareness of including sex as a biological variable.

In my chapter on cyclic contextual fear, one of the sections included was a discussion on
the apparent sex differences in behavior. Based on what | knew in humans (i.e., women are more
likely to develop PTSD?%), I initially anticipated female mice to exhibit a greater response in the
contextual recall phase (where mice were returned to the context in which they experienced fear).
However, as discussed in the chapter, male mice instead exhibited a greater change in behavior in
response to the context, suggesting interesting sex disparities in development of PTSD-like
symptomology. Despite this, and keeping in theme, few studies on fear learning and PTSD utilize
female mice in addition to male mice.?% This underrepresentation mirrors broader challenges seen
in human studies data acquisition has been historically centered on white males, not only
perpetuating biases but, in the process, impeding progress examining how biological sex impacts
development of PTSD.

While biological sex plays an important role in the development of PTSD in humans, other

206 or having lower SES,?% also

factors, such as being a member of an underrepresented population
increase one’s susceptibility to developing PTSD. Unsurprisingly, however, there is no mouse

model equivalent for racial/ethnic identity or SES (as far as | can tell) note 13, meaning the concept

of intersectionality generally cannot be applied in the context animal model research. While there

13 One could imagine how create a mouse model of racial trauma, but an immediate concession to make is that, like
all models, there will inevitably be some conceptual facets that will be lost in translation. That said, there are some
procedures that may approximate aspects of racial trauma using mouse models. For instance, social defeat stress
(SDS) is a social/psychological stress procedure commonly used as a model for depression and post-traumatic stress
disorder (PTSD)208 — disorders which are more prevalent in Black populations.209 For a given experimental mouse,
SDS can take the form of the mouse being exposed to and attack by a dominant mouse; the mouse witnessing
another mouse undergoing SDS; or the mouse being exposed to the sensory information of another mouse, and
potentially being attacked.208 While each of these variants may approximate different experiences of racial trauma, |
would posit that a combination of all of these variants of SDS, in addition to a salient differentiating characteristic of
the dominant, attacking mice (e.g., white fur), might make it a more exacting model of racial trauma.
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are very clear benefits of using animal models, one of the inevitable realities is that any findings
in animal models are necessarily devoid of socioenvironmental factors that strongly impact
populations generally underrepresented in health-related research. Consequently, this parallel
issue of underrepresentation in biomedical data, as seen in human studies, risks shaping conceptual
models of health that neglect the impacts of societal influences on health, thereby perpetuating a
biased perspective. These biases can extend even to computational models, further exacerbating

the manifestation of biases within sleep research.

IV.iii QUANTITATIVE DATA ANALYSIS AND ALGORITHMIC BIAS.

While more commonly associated with qualitative methods, the impacts of subjectivity can
similarly arise in quantitative methodology — where the goal is to be as objective as possible, the
presence of subjectivity can be seen as evidence of ‘bad science’.!® However, as previously
discussed, some decisions necessarily rely on the researcher’s beliefs. For instance, data collection
and cleaning rely on the summarizing the concept to some degree to better capture the core
phenomena of interest (e.g., sleep quality can be reduced to a single numerical value, to the
potential detriment of some of its nuances).?!? While this act of data summarization is necessary,
it simultaneously relies on some pre-existing structure of thought to determine, for example, what
information is relevant and important to collect as data or what methods are best suited to follow
for analyzing the data. Be it unintentional or otherwise, decisions made in the process of analyzing
quantitative data can be motivated by some subjectivity.

In the context of methods such as artificial intelligence (Al), however, the focus shifts from
the subjectivity of the researcher to the implicit perspectives laden in the data being analyzed. A
clear example of this is Amazon’s attempt to use Al to review job applications and find a means

of recruiting the best applicants. If done by a human, for example, certain unconscious biases may
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lead them to rejecting applicants based on irrelevant information (e.g., those with names
commonly viewed as Black are less likely to be hired compared to those with names commonly
viewed as White).?!! Hence, the intent of Amazon’s Al was clear; bypass human unconscious bias
and create an objective method of selecting candidates. However, this is not what happened,;
instead, the Al recruiting tool learned to value applications from men, devaluing any applications
it recognized as coming from a women.?'? Importantly, the engineers behind the algorithm
attempted to prevent such biases from appearing in the model, but to no avail. This is likely due to
the way Al algorithms are trained; in this case, it used pre-existing data on applicants that were
hired and those that were not and found associations within these data. In other words, the Al did
not invent its sexist decision making process; it learned it from the patterns that already existed in
the hiring data they had. The data had an implicit perspective, based on prior work, that was
recapitulated using Al.2%3

To analyze how this likely occurred and what it might mean for biomedical uses of Al —
particularly for studying sleep — | will discuss the issue of algorithmic bias, focusing on three
components: representation, implementation, and transparency. From there, | will shift to
examining the use of computational models to analyze different sleep-related concepts (i.e.,
circadian rhythms, neural signals, and trauma). To be clear, there are numerous tools one can use
to analyze data; from the relatively simple linear regression (attempting to fit a line between two
independent variables) to the relatively complex neural network (a type of machine learning
algorithm inspired by the human brain, using connections between nodes to perform complex,
non-linear transformations). | will be focusing on the use of neural networks for clarity, but the
ideas discussed will still apply to less complex algorithms (albeit likely to a lesser degree compared

to neural network-based models).
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IV.iii.1 Algorithmic bias.

| first want to define what algorithmic bias entails, as there are important differences
between algorithmic bias and the social psychology concept of bias. Throughout this piece, | have
been using the term ‘bias’ to refer to evaluations where one group is deemed better in some metric
compared to another.?* While this often takes the form of unconscious/implicit associations
between the group and the metric (e.g., one may unconsciously yet reflexively associate ‘research’
with ‘male’), it should go without saying that one can be conscious of their bias.?** Conversely,
algorithmic bias refers to a circumstance where the outputs of a computational model consistently
benefit certain populations more than others.?t?

The two terms clearly show some similarities, but there are two important nuances to note:
First, in the case of algorithmic bias, not only is bias integral to the algorithm’s decision making,
but also attempts to correct these biases (as seen in the Amazon example) will likely not work
because of how intertwined the bias is to the algorithm.?'® Secondly, given that algorithms cannot
be conscious, algorithmic biases cannot be either implicit or explicit. Both points underscore a
recommendation that researchers demonstrate awareness of how pre-existing biases may reemerge
in the computational model. To best illustrate how these biases may be recreated in a model, I will
be using an example of generating a neural network model capable of autonomously scoring sleep
stage (akin to the website presented in Chapter 111) based on EEG data captured in humans. | have
roughly summarized the data analysis and interpretation process into three steps: data collection,
model fitting, and model implementation. While I will focus on one element for each of these steps
(representation, transparency, and interpretation, respectively), there are undoubtedly more

elements to consider.
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1. Data collection and representation — As described in the previous section, there are a myriad
of factors leading to imbalanced representation, with those historically underrepresented in
biomedical science research (e.g., Black individuals) continuing to be underrepresented in
present studies on sleep.?® Added to this are the limitations of hardware leading to poorer

19 and the apparent influences of race/social context

quality in underrepresented populations
potentially generated differences in sleep quality when undergoing sleep studies.®® Even when
considering just these three factors — historical underrepresentation in data, relatively poorer
data quality, and data collection inadvertently capturing influences from social context — its
clear that the data being used to create the computational model are already showing the results
of disparities laden in sleep research. If we attempted to create a sleep-scoring algorithm based
on these data, it would likely work better for populations properly represented in the data, but
worse for populations whose representation in the data is limited by various factors. An often
used term in computer science is ‘GIGO’: garbage in, garbage out. Just like the sex-biased
recruitment algorithm developed by Amazon, the goal of computational models is to find
associations in the data. If the data going into the model is biased, the model will likely learn,
recreate, and output the same biases.

2. Model fitting and transparency — If biases in the data go undetected, model fitting is where
the algorithm will begin to learn these biases. For Al methods such as neural networks,
‘learning’ is really a process of finding the simplest yet most robust statistical relationships
between the input data and the output of interest.”® It is this step where the use of more complex
Al models run the risk of making the process of identifying and accounting for bias more
difficult. This is because, in simpler models (e.g., linear regression) the step of feature

extraction (where different variables are extracted from the data) is done manually, meaning
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the researchers have to define what variables they want to extract from the data.? In more
complex models like neural networks, this step is done autonomously, meaning it is difficult
to determine what features of the data are being used by the algorithm in its decision making
processes — effectively behaving akin to a ‘black box’.”?'® Because of the difficulty of
peering into a black box algorithm to determine its inner workings, transparency of the
algorithm becomes a bigger issue, again, particularly with more complex models. If the data
used to train the model is biased, it will be harder to probe the model to determine where, why,
and how the pre-existing biases may be recreated by the model.

Model implementation and interpretation — The previous two (general) steps culminate in the
implementation of a model, in this case applying the algorithm to score sleep in humans. In
typical use cases of neural network algorithms, if there were any biases in the data that were
then learned during model fitting, this would be when these algorithmic biases will be most
evident (e.g., Amazon’s recruitment algorithm’s bias against women applicants,?!2%13 Apple’s
algorithm giving lower credit limits to women compared to their spouses?*3). This is because,
in cases like these, the discrepancy between what would be expected (e.g., a mix of man and
woman candidates, equal credit limits for both genders) and what is observed (women
candidates are devalued, women receive lower credit limits) suggests something is wrong with
the algorithm. This is the case because the output can be observed. In the case of sleep scoring,
these errors may not be as evident because of the use of EEG data — abstract numbers that do
not readily hold much meaning to humans. While bias can be probed based on the output of
the algorithm (e.g., comparing manual scores to the algorithms scores and to determine how
accurate the algorithm is), it doesn’t change the fact that the algorithm is still likely biased, and

as such will still benefit one population over another.
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Again, despite being a limited discussion on algorithmic bias, what | hope to have
illustrated in these examples is how quantitative/computation tools may, similarly, recreate pre-
existing biases and disparities that will go on to recreate systems of advantage and disadvantage
based on information regarding social context. This leads to the question: how might we
consciously quantify issues of justice and intersectionality for use in our models, rather than letting

the algorithm learn and recreate biases during the model fitting process?

IV.iv ACCOUNTING FOR SYSTEMIC BIAS.

As | have hopefully shown thus far, historical biases in health research not only have had
lasting disadvantages on populations that deviate from the dominant perspective (i.e., that of a
middle- to upper-class white man), but these biases continue to be effectively recreated in current
studies — leading further harms to these underrepresented populations. Drawing from the
framework of intersectionality, deviation in any one identity axis leads to disadvantages, while
further deviations on multiple axes interact to create unique positions of disadvantages that
manifest in health disparities.’**®” Importantly, even without explicit acts of discrimination and
exclusion are stopped, systemic bias, in place, “is often self-perpetuating, with persistently
damaging effects on health even after the explicitly discriminatory measures are no longer in
effect.”?1® This places the burden of justice primarily in two places: the first is the institution in
which the systemic bias exist, while the second is those who benefit most from the presence of the
systemic bias, and thus (generally unwitting) continue to support the structures keeping the biases
in place.?t
Accounting for systemic bias in the context of sleep research would thus entail addressing

and deconstructing the institutional structures that continue to support its laden systemic biases.

Simultaneously, those predominantly represented in the institution of sleep research would hold
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some burden of acknowledging and accounting for how their (generally unstated) beliefs and
perspectives influence each step of their research — often in support of these systemic biases. In
what follows, | will give an example of how one might start working towards accounting for
systemic bias in these two avenues: quantifying systemic bias, and the concept of reflexivity,

respectively.
IV.iv.1 Quantifying systemic bias.

While systemic bias has existed in various forms over the centuries, efforts of quantifying
systemic bias in related to its effects on health are still sparce.?!” One might naturally ask; how
might you quantify the effects of systemic bias, given that they operate in ways that are “covert,
[and] are embedded in normal operations of institutions”?!%? As demonstrated by Groos et al.
(2018), variables capturing different sociopolitical domains associated with systemic bias (e.g.,
perceived racism in social institutions, or residential neighborhood/housing) are associated with a
variety of individual- and population-level health outcomes.?!” Similarly, LaFave et al. (2022)
reported a method of quantifying based on capturing indicators of systemic bias across nine
discrimination contexts (civics, education, employment, environment, healthcare, income/wealth,
media/marketing, neighborhood factors, and policing).?® While yet to be more deeply
incorporated into biomedical research — let alone research on sleep — these two methods
demonstrate quantitative methods of accounting for the influences from social contexts that are

often not fully acknowledged in biomedical research.
IV.iv.2 Disciplinary reflexivity and accounting for subjectivity.

On the level of the individual, one idea | hope | have made clear is how obliviousness to

systemic biases maintained during the research process can lead to harm for individuals from
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populations underrepresented in biomedical research. Rogers & Kelly (2011) provide some points
for researchers to consider during the research process to ensure motives of social justice stay
consistent throughout.'®” Some of these include considering the social context of the research,
determining whether an intersectional approach can be used in the research design, and ensuring
data analysis and interpretation reflect the intersectionality of disadvantage where possible.®’
These actions would pair well with what feminist philosopher Sue Wilkinson calls as
‘disciplinary reflexivity”.’>* Disciplinary reflexivity would involve clearly stating institutional
traditions which have had an important role in shaping the overall form of the research project —
with the goal of addressing and accounting for systemic biases.'> An extreme hypothetical case
of disciplinary reflexivity may take the appearance of the following: gathered data would be
understandable in terms of what foundational beliefs are present for all interactions with data,
including collection, analysis, and interpretation; researcher motivations, beliefs, and biases are
clearly defined and stated as part of research communication; subjective beliefs used to motivate
foundations and goals of the research project are made as explicit as possible. While this is,
admittedly, a very unlikely form for the research process to take any time soon, what | hope to
demonstrate is that there exist ways to lessen the extent to which opacity exists in each step of the

research process and, in doing so, to lessen the extent to which pre-existing sociocultural

disparities can propagate through sleep research unchecked.

IV.v CONCLUSIONS.

In this chapter, | examined the multifaceted landscape of sleep research, exploring factors
contributing to sleep disparities as they relate to wider concepts related to societal justice and

equity, and in doing so highlighting potentially challenges faced by sleep researchers in accounting
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for these disparities. The overall goal of this chapter was to show how systemic biases are recreated
in sleep research and to discuss potential ways to address these biases.

In section 1, I explored various factors contributing to sleep disparities, highlighting the
key idea that these disparities are likely to emerge partly (and unintentionally) due to the recreation
of social and systemic biases within sleep research. When conducting this analysis, | applied
Kimberl¢é Crenshaw’s concept of intersectionality to provide further clarity on how different social
identities can interact to amplify sleep disparities. Using a simplified version of the research
process, in section 2, | illustrated potential avenues through which systemic biases may be
recreated in 1) the study’s problem statement and research question; 2) conceptual approach and
research design; and 3) subject inclusion and data collection. | used examples in human studies
(using EEG to study sleep stages) and animal models research (modeling PTSD in mice) to show
how recreation of biases may manifest in study design and data collection. This comes to a head
in section 3, where | examined how biases can be perpetuated in data analysis and computational
models in ways that may make them hard to detect. The three avenues | discussed were 1) poor
inclusion of underrepresented populations in the training data; 2) how choice of algorithm can
make it difficult to probe the algorithm’s decision-making; and 3) if such a model were
implemented, interpretation issues may arise for those underrepresented populations. Finally, in
section 4, | discussed two potential methods for accounting for systemic bias arising in sleep
research: quantifying systemic bias for use in the study, and disciplinary reflexivity where
institutional influences on the study are clearly stated.

| hope to make it clear that, for systemic bias (especially in the context of sleep research),
the concept of ‘blaming’ certain populations for these disparities does not make much sense. It is

referred to as ‘systemic’ for a reason; the system relies on institutional structures to maintain the



105

biases, rather more than the actions of any one individual. To using the kaleidoscope example from
the introduction: it would be akin to learning that, when using a kaleidoscope, you must ensure
that a certain side of the kaleidoscope faces up. This has various benefits, one of which being that
it ensures consistency and reproducibility of certain views in the kaleidoscope, easing
communication and (to stretch the metaphor a little) collaboration between those who have used
the kaleidoscope. A drawback, however, is the glaring oversight of the rest of the kaleidoscope’s
orientations — all of which may hold additional important information. Like systemic bias, it
would not make sense to find a particular individual responsible for this oversight, but there is still
the reality that this oversight exists. My hope is that the ideas expressed in this chapter will
encourage greater awareness and critical examination of systemic biases in sleep research. By

doing so, we may more forthrightly ensure justice and equity in sleep research.



Chapter V. LYING IN BED: CONCLUSIONS.

The overall focus of this thesis has been on the concept of sleep, a process that is essential
for life. Specifically, my primary goal was to not only illustrate how many aspects of life relate
with sleep in some way, but also perform sleep research in a way that is ground in this fact. The
method | chose to best capture this multifaceted nature of sleep was to probe the concept sleep
from three different disciplinary viewpoints: behavioral, computational, and philosophical,
represented in Chapters I, 111, and IV, respectively. While these are far from the only disciplines
through one can study sleep (others include, for instance, molecular/cellular neurobiology,?*®

220 or anthropology??), what | hope is that this multidisciplinary assembly of

social psychology,
studies on sleep can represent an attempt to highlight the inherent interconnectedness of sleep.

Each chapter in this thesis possesses its own intrinsic value, yet it is the juxtaposition of
seemingly disparate approaches across these three chapters that generates what | see as unique
dialogue on the concept of sleep. When viewed primarily through a behavioral lens (particularly
when utilizing animal models), certain nuances such as those seen when considering broader social
disparities in sleep might be overlooked. Similarly, when viewed primarily through a philosophical
lens, certain norms in the realm of sleep research (as contentious some of them can be) may go
unacknowledged in philosophical analysis. By closely intertwining findings derived from these
varied perspectives, | believe they inform and enrich one another in ways that lead to novel lines
of inquiry, distinct from those typically explored within the general confines of their respective
disciplines. This interdisciplinary approach allows for a comprehensive exploration of sleep,
unveiling insights that might be missed when studied in isolation.

It is this dialogue that | see as one of the most significant contributions from this thesis.

Again, | believe that more fully capturing the concept of sleep in research means simultaneously
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approaching the concept from different disciplinary viewpoints. To make this point more clearly,
in the following section I will provide concise summaries of each preceding chapter in this thesis,
emphasizing key findings and concepts. Subsequently, I will synthesize the unique ideas explored
in each chapter and underscore recurring themes, acting as a conclusion of this chapter and thesis.
Throughout this concluding chapter, | aim to underscore the invaluable insights gained through

the application of interdisciplinary methods to the study of sleep.

V.I CHAPTER SUMMARIES.

As previously outlined, each preceding chapter delved into the study of sleep from distinct
perspectives, with Chapter | providing a comprehensive overview of sleep research and its
multifaceted nature. The subsequent three chapters approached sleep research from different
disciplinary viewpoints: behavioral, viewing sleep primarily in terms of actions done by the
animal; computational, viewing sleep primarily in terms of quantitative analysis mathematical
modeling; and philosophical, critically viewing sleep as a concept to explore assumptions and
values. Chapter Il represented a behavioral study of sleep, investigating the effects of contextual
fear and abnormal circadian rhythms, as indicated by changes in circadian activity and sleep/wake
timing. Chapter 111 represented a computational study of sleep, examining the use of computational
methods (i.e., machine learning) to analyze neurophysiological data and gain insights into sleep
architecture. Finally, Chapter IV represented a philosophical study of sleep, examining sleep
research within the context of concepts from social justice literature and inspecting ways sleep
research incorporates these ideas into its typical functioning. For the remainder of this section,
each of these four chapters will be more comprehensively summarized, emphasizing their key

findings and concepts.
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V..l Chapter I. Making the bed: An introduction to sleep and sleep

research

The goal of Chapter | was to provide an overview of the remarkably multifaceted and
adaptable nature of sleep. As the introductory chapter for this thesis, Chapter I served to highlight
core ideas to serve as foundation and conceptual justification for following chapters. | opened this
chapter by emphasizing two key concepts: 1) the evolutionarily conserved function of sleep and
its vital role in wellbeing, and 2) its highly adaptive nature, both necessary for survival.® Delving
into the mechanisms underlying sleep, | explored the neurobiology of sleep timing, highlighting
the core role of the suprachiasmatic nucleus in regulating endogenous circadian rhythms which, in
turn, regulate sleep timing. I then further explored the functions of sleep in promoting physical and
mental wellbeing, while also exploring the debilitating effects of sleep disruptions. I highlighted
three general causes of sleep disruptions: internal factors, external factors, and interactions
between the two. Finally, I concluded the chapter by discussing three major avenues of sleep
research: human studies, animal models, and computational methods, each providing unique

insights into sleep processes.

V.i.2 Chapter Il. Sleep with one eye open: contextual fear and abnormal

circadian rhythms.

The ‘behavioral viewpoint’ of the thesis, in this chapter I presented results of a study
examining how re-exposure a fearful context in the absence of aversive stimuli was enough to re-
establish aberrant circadian rhythms in mice. This was done by 1) establishing baseline circadian
activity in mice in a ‘neutral context’ and, subsequently, a ‘fear context’; 2) randomly
administering footshocks, either during the light phase (LF) or dark phase (DF) until mice

entrained to the cyclic fear stimuli; 3) returning mice to the neutral context and allowing their
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activity to return to baseline; and, finally 4) moving mice back to the fear context, without
footshocks, to study the effect of contextual recall on circadian activity pattern.

| found that mice that entrained to cyclic fear in the fear context, allowed to return to
baseline activity in the neutral context, and subsequently moved back to the fear context without
the aversive stimuli, they exhibit activity patterns akin to those when they were entrained to the
cyclic fear stimuli. As reported, this suggests the context is enough to re-establish abnormal
circadian activity patterns that do not return to baseline even after a month. Additionally, this effect
is modulated by intensity of the aversive stimuli and may differ depending on sex of the mouse.
Given that one of the core symptoms of post-traumatic stress disorder (PTSD) in humans is sleep
disruptions,®, | hypothesized that there may be a potential role of neural systems underlying the

circadian system in the development and maintenance of PTSD.

V.i.3 Chapter I11. Sleeping on the job: client-side, publicly available

automated sleep scoring.

The ‘computational viewpoint’ of the thesis, in this chapter I presented results for a publicly
available web-based automated method of sleep scoring, Sleep Identification Enabled by
Supervised Training Algorithms (SIESTA), intended to aid sleep researchers by reducing the
amount of time spent manually scoring sleep in mice. In this study, electrocorticographic (ECoG)
data obtained from both wild-type mice and a mouse model of epilepsy?? were processed and used
to train machine learning algorithms. Of the different models examined, gradient boosting
classifier (GBF) and bagging classifier using random forest (BCRF) demonstrated the highest
accuracy. Additionally, these models exhibited high accuracy in generalizing across different

genotypes, data sources, and environmental conditions of data acquisition. These findings
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underscore the potential utility of SIESTA in expediting the sleep scoring process for researchers,

highlighting its potential utility in the field of sleep research.

V.i.4 Chapter IV. Sleep, with both eyes open: systemic bias,

intersectionality, and sleep research.

The ‘philosophical viewpoint’ of the thesis, in this chapter I explored how historical biases
in sleep research have perpetuated sociocultural disparities, continuing to adversely affect
underrepresented populations. | examined factors contributing to health and sleep disparities,
particularly focusing on the historical biases against women and non-White individuals (among
other disadvantaged groups) — a point further emphasized by utilizing Kimberlé Crenshaw’s
framework of intersectionality.’®® Given the existence of these disparities, | walked through
general steps of sleep research to highlight how systemic biases can emerge at each stage of the
research process, from the formulation of a research question to the interpretation of results. This
exploration prompted a critical question: | proposed two key recommendations: First, researchers
should consider quantifying systemic bias by incorporating measures that account for social
context influences. Secondly, embracing disciplinary reflexivity by critically examining
institutional practices and influences that may have contributed to the perpetuation of systemic
biases. The overarching objective of this chapter was to connect sleep research more closely with
the broader social context of sleep, thereby highlighting the need to address systemic biases in

scientific inquiry.

V.ii CROSS-CHAPTER SYNTHESIS, CONTRIBUTIONS, AND CONCLUSIONS.

Taken together, these chapters approach the central theme of this thesis from a variety of

angles — including biological, environmental, technological, and societal angles. While it feels
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almost like a cop out to say, the central theme for all these angles is the concept of sleep itself.
While each chapter utilized different core ideas and methodologies, the core theme was this
multifaceted nature of sleep. I believe this may be most clearly shown in Chapter IV, where | used
concepts from Chapters Il and 111 to further illustrate the importance of considering social context
to add nuance to the results and conclusions presented in those chapters. As mentioned before, this
added nuance can lead to unique questions, such as ‘how might we model social disadvantage in
animal models?’, or, as touched on in chapter IV, ‘how might we account for the effects of social
disadvantage in computational models of sleep?” While currently difficult to answer, these sorts
of questions may not only lead to greater representation in biomedical research, but will
simultaneously begin to acknowledge and account for historical systemic biases in sleep research.
In other words, the juxtaposition of these different viewpoints as exemplified in the current thesis
can lead to unique avenues of inquiry.

As research into sleep continues, | hope my research underscores the importance of
adopting a multidisciplinary approach to fully capture the complexities inherent in sleep. As
shown, while behavioral, computational, and philosophical perspectives individually contribute to
our understanding of sleep, close dialogues between the different perspectives can lead to unique
avenues of inquiry. | believe in the need for close collaboration between disciplines to encourage
a more holistic understanding of sleep that connects its neurobiological underpinnings to its
sociocultural influences. In my view, influences from social context and systemic biases on sleep
are often not given the recognition they deserve, and thus | believe fostering such inclusivity and
representation in scientific exploration will only ever be, simply put, a good thing. | believe that
this can be done by making a conscious effort to unite different perspectives on sleep. Sleep is

essential for life; just as life is multifaceted, so is sleep.
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APPENDIX A. SUPPLEMENTAL MATERIALS
Table S1. List of Signal Features used by SIESTA

Feature

Description

ECoG_delta

Relative power of the 0.5-4 Hz frequency band

ECoG_delta_energy

Energy of the 0.5-4 Hz frequency band

ECoG_delta_amp

Mean amplitude of the signal in the 0.5-4 Hz
frequency band

ECoG_thetacon

Relative power of the 4-12 Hz frequency band

ECoG_thetaenergy

Energy of the 4-12 Hz frequency band

ECoG_thetaenergy

Energy of the 4-12 Hz frequency band

ECoG_thetamp

Mean amplitude of the 4-12 Hz frequency band

ECoG_thetal

Relative power of the 6-9 Hz frequency band

ECoG_thetal_energy

Energy of the 6-9 Hz frequency band

ECoG_thetalamp

Mean amplitude of the 6-9 Hz frequency band

ECoG_theta2

Relative power of the 5.5-8.5 Hz frequency band

ECoG_theta2energy

Energy of the 5.5-8.5 Hz frequency band

ECoG_theta2amp

Mean amplitude of the 5.5-8.5 Hz frequency band

ECoG_theta3

Relative power of the 7-10 Hz frequency band

ECoG_theta3energy

Energy of the 7-10 Hz frequency band

ECoG_theta3amp

Mean amplitude of the 7-10 Hz frequency band

ECoG_beta

Relative power of the 20-40 Hz frequency band

ECoG_betaenergy

Energy of the 20-40 Hz frequency band

ECoG_betamp

Amplitude of the 20-40 Hz frequency band

ECoG_alpha

Relative power of the 8-13 Hz frequency band

ECoG_alphaenergy

Energy of the 8-13 Hz frequency band

ECoG_alphaamp

Mean amplitude of the 8-13 Hz frequency band

ECoG_sigma

Relative power of the 11-15 Hz frequency band

ECoG_sigmaenergy

Energy of the 11-15 Hz frequency band

ECoG_sigmaamp

Mean amplitude of the 11-15 Hz frequency band

ECoG_spindle

Relative power of the 12-14 Hz frequency band, the
frequency at which NREM sleep spindles typically
occur

ECoG_spindlenergy

Energy of the 12-14 Hz frequency band

ECoG_spindleamp

Mean amplitude of the 12-14 Hz frequency band

ECoG_gamma

Relative power of the 35-45 Hz frequency band

ECoG_gammaenergy

Energy of the 35-45 Hz frequency band
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ECoG_gammaamp

Mean amplitude of the 35-45 Hz frequency band

ECoG_ECoGrell

Ratio of the relative power value of the thetacon band
(4-12 Hz) to that of the delta band (0.5-4 Hz)

ECoG_ECoGrel2

Ratio of the relative power value of the 0.5-20 Hz
band to that of the 0.5-50 Hz band

ECoG_Spindlehan

Ratio of 11-16 Hz power to 0.5-40 Hz power
smoothed with a 12-point Hanning filter

ECoG_spectral_edge

90% spectral edge of the ECoG signal

ECoG_spectral_mean50

50% spectral mean of the ECoG signal

ECoG_zerocross

Counts of the number of times the amplitude of the
ECoG signal falls above or below the mean of the
ECoG signal for any given epoch

ECoG_maxs Maximum amplitude of the raw ECoG signal

ECoG_peaktopeak Peak-to-peak amplitude of the ECoG signal

ECoG_arv Arithmetic mean of the absolute values of the ECoG
signal in a given epoch

ECoG_rms Root mean square value of the ECoG signal

ECoG_amplitude

Mean amplitude of the ECoG signal in a given epoch

ECoG_amplitude_m

Median amplitude of the ECoG signal in a given epoch

ECoG_signal_var

Spectral variance of the ECoG signal

ECoG_skew

Skewness of the ECoG signal

ECoG_kurt

Kurtosis of the ECoG signal

ECoG_spectral_mean

Mean of the spectral power distribution of the ECoG
signal for a given epoch

ECoG_spectral_entropy

Entropy of the spectral power distribution of the ECoG
signal for a given epoch

EMG_amplitude

Mean amplitude of the EMG signal

EMG_signal_var

Spectral variance of the EMG signal

EMG_skew

Skewness of the EMG signal

EMG_kurt

Kurtosis of the EMG signal

EMG_spectral_mean

Mean of the spectral power distribution of the EMG
signal for a given epoch

EMG_spectral_entropy

Entropy of the spectral power distribution of the EMG
signal for a given epoch

EMG_amplitude_m

Median amplitude of the EMG signal in a given epoch
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Table S2. Classification accuracy by algorithm and method when data are scaled.

Algorithm One-step Hierarchical Hierarchical + 2 h
Logistic Regression 0.80 (0.067) 0.47 (0.005) 0.87 (0.054)
Linear Discriminant Analysis 0.77 (0.090) 0.86 (0.056) 0.86 (0.056)
K-nearest Neighbors Classifier 0.76 (0.075) 0.48 (0.003) 0.85 (0.050)
Decision Tree Classifier 0.72 (0.078) 0.80 (0.061) 0.80 (0.063)
Gaussian Naive Bayes 0.52 (0.18) 0.48 (0.005) 0.79 (0.136)
Passive Aggressive Classifier 0.68 (0.11) 0.46 (0.033) 0.84 (0.052)
Ridge Classifier 0.70 (0.083) 0.78 (0.072) 0.78 (0.072)
-OgIC Regression, oross 0.79 (0.077) 0.48 (0.005) 0.87 (0.062)
Bernoulli Naive Bayes 0.60 (0.163) 0.48 (0.009) 0.69 (0.123)
Nearest Centroid 0.54 (0.129) 0.39 (0.012) 0.79 (0.125)
Random Forest Classifier 0.80 (0.063) 0.86 (0.051) 0.86 (0.051)
/Ada Boost Classifier 0.79 (0.066) 0.86 (0.05) 0.86 (0.050)
.'?fgeg'”g Classifier, Decision 0.79 (0.06) 0.85 (0.054) 0.85 (0.054)
Extra Trees Classifier 0.80 (0.062) 0.86 (0.053) 0.86 (0.053)
Gradient Boosting Classifier 0.83 (0.057) 0.86 (0.051) 0.86 (0.051)
Perceptron 0.72 (0.11) 0.40 (0.01) 0.84 (0.057)
2ag9ing Classifier, Random | g3 (0.060) 0.87 (0.055) 0.87 (0.055)
Bagging Classifier, Extra Trees 0.82 (0.061) 0.87 (0.052) 0.87 (0.054)

Note. Values represent F1 scores (with standard deviation in parentheses). Hierarchical + 2 hrs.
methods refers to the method of adding two hours of manually scored data to the training set for

the classifier. All data are scaled.
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Table S3. Training time (min) for each classification method using the complete training dataset.

Hierarchical classifier Training (min)

Classifier

One-step
Method Training Sleep vs. NREM vs. Total
Wake REM

Logistic Regression 1.31 0.57 0.57 1.13
Linear Discriminant Analysis 0.33 0.44 0.44 0.88
K-nearest Neighbors Classifier 0.49 0.65 0.65 1.29
Decision Tree Classifier 3.09 3.36 3.36 6.73
Gaussian Naive-Bayes 0.17 0.22 0.22 0.45
Passive Aggressive Classifier 0.33 0.25 0.25 0.51
Ridge Classifier 0.22 0.28 0.28 0.57
Logistic Regression with cross-validation 2.73 1.11 1.11 2.22
Bernoulli Naive Bayes 0.19 0.24 0.24 0.48
Nearest Centroid 0.14 0.19 0.19 0.38
Random Forest Classifier 2.20 2.46 2.46 4.92
/Ada Boost Classifier 13.15 15.80 15.80 31.60
Bagging Classifier with decision tree 19.74 20.96 20.96 41.91
Extra Trees Classifier 0.65 0.78 0.78 1.55
Gradient Boosting Classifier 50.63 19.06 19.06 38.11
Perceptron 0.41 0.22 0.22 0.44
Bagging Classifier with Random Forest 14.9 13.94 13.94 97 89
Classifier

Bagging Classifier with Extra Trees 415 419 419 8.38
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Table S4. Scoring time (min) of the BCRF algorithm on subsets of the training and scoring data.

Score Train Time | Score Time
Database Classifier Sleep Stages Train Time with 2h of | of 24 h with 2 Database
Time (24 h) manual h of manual
score score
WT Awake/NREM
One-Step IREM 0.82 0.01
DS Awake/NREM
One-Step IREM 0.35 0.01 - - -
WT+DS Awake/NREM
One-Step REM 1.53 0.01 - - -
WT Hierarchical | Sleep/Awake 0.93 0.01 0.90 0.01 0.90
NREM/REM 0.97 0.01 0.99 0.01 0.99
Total 1.90 0.02 1.89 0.02 1.89
DS Hierarchical | Sleep/Awake 0.28 0.01 0.29 0.01 0.29
NREM/REM 0.30 0.01 0.33 0.01 0.33
Total 0.58 0.02 0.62 0.02 0.62
WT+DS Hierarchical | Sleep/Awake 1.44 0.01 1.43 0.01 1.43
NREM/REM 1.66 0.01 1.54 0.01 1.54
Total 3.09 0.02 2.97 0.02 2.97




Table S5. SIESTA performance using data binned in 5-second epochs.
One-Step Approach

Using complete database to score WT mice Using complete database to score DS

mice
Awake 0.94 Awake 0.91
NREM 0.90 NREM 0.87
REM 0.75 REM 0.83

Hierarchical Approach
Using complete database to score WT mice Using complete database to score DS

mice
Awake 0.93 Awake 0.93
Sleep 0.91 Sleep 0.91
NREM 0.91 NREM 0.84
REM 0.76 REM 0.85

Note. These tests use the complete dataset (WT n=14 , DS n=6) to score one mouse of each
genotype.
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Figure S1. Cluster dendrogram of the pair-wise distance of the features from the complete
dataset

£CoG ampltude
ECoG_rms
, signal v
 Smplitude |
o
-
ECOG_maxs

a)
th
ot
ECoG thetaamp
ECOG spingeamp — g

£COG_sigmasmp

Features

MG,
ECoG_spindienergy
ECG_sigmaenergy b
ECoG,_thetaenergy
ECoG_gammaenergy |
ECOG_betaenergy T
ECOG Celtaenergy
ECOG_skew
o —
ECoG thetaenergy |
ECOG_thetalenergy
EMG skew
ECOG_ECaGrel)
edoe

ECoG spectral means

Distance

Note. In light blue, red and light green are the branches of the identified clusters. The most
important features identified by SFS and SBS are boxed in grey on the y-axis.
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Figure S2. Sequential feature selection test using the BCRF algorithm trained on the complete
dataset, with a One-Step approach.
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Note. The blue dots are the mean performance, and the light blue shaded area is the STD in each
case. A) Three repetitions of the Sequential Forward Selection. B) Three repetitions of the
Sequential Backward Selection. C) Table with the top 8 features of each run of the Sequential
Forward Selection in order of importance. D) Table with the top 8 features of each run of the
Sequential Backward Selection in order of importance. Features highlighted in green occurred in
2 or more runs of any Sequential Selection Algorithm.
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Figure S3. Overview of the SIESTA workflow.
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Note. To train the model, we start with raw ECoG/EMG recordings in EDF file format (1). Our
dataset is manually scored by one of four human experts (2). From data in the same EDF files,
we calculated features used for scoring (3). Next, we split the data into training and validation
sets (4). Using only the training set, we trained the BCRF classifier and obtain our model (5). We
then evaluate model performance on the validation set (6). When a user wants to score data from
their own experiment, they first upload their raw recording in EDF format (7). Feature extraction
occurs as in Step 2, which generates a timestamped file containing feature values for every epoch
in the recording. (8). Next, users can load the working model from our dataset. They will be
informed of the validation results of the model as well as information about the underlying
dataset (number and genotype of the animals included) (9). Users will also have the option to
train a new classifier on their own manually scored dataset or combine their data with ours.
Finally, users can upload the newly generated feature data to create a final output file containing
timestamped scores and several metrics commonly used in sleep analysis, including ECoG delta
power and theta power (10).
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