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Abstract

Sleep is a universal yet diverse phenomenon across the animal kingdom. Despite its evolutionary
conservation, sleep varies significantly among mammals and even more so when compared to
birds, reptiles, fish, cephalopods, and insects. Recent studies have bridged the understanding of
sleep across different animal classes, revealing that multiphasic sleep, characterised by distinct
stages like REM and NREM in mammals, may be present across a wider range of species, though
not necessarily in a structurally or functionally equivalent manner. To generate a general theory
of sleep, it is essential to accurately identify and classify sleep types across species to facilitate

meaningful comparisons.

In the past two decades, Drosophila melanogaster has emerged as a leading model for studying
sleep. However, most research has treated Drosophila sleep as monophasic, typically defined by
the cessation of movement for five minutes or more. These metrics have become outdated, as
recent studies have uncovered evidence of multiphasic sleep patterns in Drosophila, including
brain activity indicative of different sleep phases, behavioural markers of deeper sleep, and
shorter sleep latencies. To understand sleep in Drosophila, it need to integrate these new find-
ings into our analysis toolbox without compromising the high-throughput nature of Drosophila

research.

This study investigates behavioural markers of sleep, utilising both high-throughput, low-
resolution machine vision tracking data and individual, high-resolution limb tracking to identify
behavioural correlates of sleep states. Our findings reveal that low-resolution data cannot cur-
rently classify sleep states or depth more accurately than the traditional five-minute inactivity
rule. However, it does allow for more detailed analysis of sleep patterns, particularly when
characterising sleep in new Drosophila species or mutants. High-resolution tracking, while cap-
turing sleep postures, has limited applicability for standard sleep research due to experimental
setup constraints. This work aims to be a foundation for developing more refined metrics for

understanding sleep in Drosophila.



i



Declaration

I declare that this thesis was created by myself, that the work is my own except
where explicitly reported in the text, and no part has been submitted for another

degree or qualification.

The copyright of this thesis rests with the author. Unless otherwise indicated, its contents
are licensed under a Creative Commons Attribution-Non Commercial 4.0 International Licence
(CC BY-NC). Under this licence, you may copy and redistribute the material in any medium
or format. You may also create and distribute modified versions of the work. This is on
the condition that: you credit the author and do not use it, or any derivative works, for a
commercial purpose. When reusing or sharing this work, ensure you make the licence terms
clear to others by naming the licence and linking to the licence text. Where a work has been
adapted, you should indicate that the work has been changed and describe those changes.
Please seek permission from the copyright holder for uses of this work that are not included in

this licence or permitted under UK Copyright Law.

1l



v



Acknowledgements

Undertaking the PhD has been a long process and was followed by writing the thesis that has
felt both rapid and an eternity. I came into the PhD slightly lost with the direction in my life,
but through the process of work and the people I've met I've begun to understand what makes

me tick and what brings joy into my life.

Firstly, I would like to express my gratitude and love to all the members of the Gilestro lab
group over the years for fostering a great environment to be in. From the original core of Alice,
Hannah, and Michaela who helped welcome me into the fold. Michaela especially was always
on hand to be distracted by me upstairs. To Federica who joined alongside me who introduced
me to all things Italian, including modern Roman slang. Also. to Lei who arrived late but has
amazed me with his ability to dive into all aspects of British culture, sharing in my passion for
Brentford FC. Special mention must also go to the Southall lab group who moved in late into

our space, bringing a whole new energy and fun into the office.

I’d also like to thank Giorgio, my supervisor, for all his help along the way. His leadership style
is always inclusive, making you feel an equal to him from day 1. His efforts to make and keep

a socially cohesive lab group has borne fruit for us all.

Secondly, I’d like to thank my friends throughout this period, The great group of people I met
on my masters course have suffered alongside me in their PhDs at Imperial or work elsewhere,
providing support, scientific discussion, and gallows humour. My myriad of friends from school
and university scattered across London who I've now shared what feels like an eternity with.
Special thanks must go to Miles, Tim, Amy, and Josh, my housemates throughout the years in
London. Miles, Tim, and Amy spent the COVID lockdown with me, a time we’ll never forget.
All four helped make a house I was happy to go home to every evening, calming me when I
was stressed and tired from work. Some of the events from the house in Ealing will be forever

in my memory as times of joy.

Thanks must go to my parents. They have set me up for this future by their dedication to my
education. Of note was their help in getting me to my masters course in Sheffield after a last
minute decision the week it started. Without their safety net I wouldn’t be where I am now.

Also, thanks to my siblings Louise and Alastair for always keeping me grounded.



Lastly, my deepest thanks and love must go to my partner, Naima. We met when my PhD
began and hers followed not long after. Our lives have become entangled as the PhDs unwound
us. She provided support, love and understanding for the whole time, helping to soothe all
woes as they arose. Her dedication to her work and others has inspired me this whole time and

keeps me going on. We now look forward to our lives together as we take the next step beyond

the PhDs.

vi



Contents

Abstract i
Declaration i
Acknowledgements v
1 General Introduction 3
1.1 Behaviour as a tool of Neuroscience . . . . . . . . . . ... ... ... ... ... 3

1.2 Overview of Sleep . . . . . . . . . . 4
1.2.1 Historical Context . . . . . . . . . . . .. .. 4

1.2.2  Definitions of Sleep . . . . . . . . . 4

1.2.3 Regulatorsof Sleep . . . . . . . . . 6

1.2.4 Consequences of Sleep Loss . . . . . . . . ... ... L. 12

1.2.5 Differences in Animal Sleep . . . . . . . . ... L. 14

1.2.6  Evolution and Theories of Sleep . . . . . . . . .. .. ... ... .. ... 17

1.2.7 Evolution and diversity of Sleep States . . . . . . .. ... .. ... ... 21

1.3 Behaviour and Neuroscience . . . . . . . .. .. ... .. L 26

vil



viii CONTENTS
1.3.1 Context . . . . . . . 26

1.3.2  Defining Behaviour . . . . . . .. ... oo 26

1.3.3 Behaviour to understand Neurobiology . . . . .. . . ... .. ... ... 26

1.3.4 Behavioural States . . . . . . .. ..o 28

1.4 Drosophila: Background and behaviour . . . . . .. ... .. ... 0. 29
1.4.1 Context . . . . . . . . 29

1.4.2  Drosophila Behaviours and their paradigms . . . . . . .. .. ... ... 30

1.5 Sleep In Drosophila . . . . . . . . . . . 33
1.5.1 Methods to Study Sleep and their findings . . . . .. ... ... ... .. 33

1.5.2 Mechanisms of Sleep . . . . . . . . ... ... 37

1.5.3 Determinants of Sleep . . . . . . . . ... 39

1.6 Summary and Aims of this Work . . . . . . ... ... o000 41
1.6.1 Aims and Objectives . . . . . . . . . . 42

2 Material and Methods 43
2.1 Animals . . . . .. 43
2.1.1 Fly Maintenance and Handling . . . . . .. .. ... ... ... ..... 43
2.1.2 Species Stock . . . .. 43

2.2 Ethoscope . . . . . . e 45
2.2.1 Ethoscope Data Generation . . . . . ... ... .. .. ... ....... 45

2.3 Hidden Markov Model . . . . . . . . ... . 46

2.3.1 Data Curation . . . . . . . . . .., 46



CONTENTS ix

2.3.2 Training . . . . . . .. 49
2.3.3 Scoring Models . . . . . .. 49
2.3.4 Decoding Datasets . . . . . .. ... 50

2.4 Odour Response Experiments . . . . . .. .. .. .. .. .. ... ... 50
2.5 Sleep Deprivation Experiments . . . . . . . . ... ... L. 51
2.6 Time Series Analysis . . . . . . . . .. 52
2.7 Machine Learning . . . . . . . . . ..o 52
2.7.1 Dynamic Time Warping . . . . . . . . .. ... oo 53
2.7.2 Catch-22 . . . . . . 53

2.8 High definition videos . . . . . . . . . ... 57
2.8.1 Video capture . . . . . . ... 57
2.8.2 Video Curation . . . . . . . . . . ... 58
2.8.3 Manual Behaviour Categorisation . . . . . . . . .. ... .. ... .... 58
2.8.4 SLEAP and keypoint analysis . . . . . . . ... .. ... ... 59

2.9 Statistics, data collection and visualisation . . . . . . ... ... .. .. ... .. 61
3 Ethoscopy: An open-source behavioural analysis toolbox 63
3.1 Rationale . . . . . . . . 63
3.2 Improving accessibility . . . . . .. ..o oo 65
3.2.1 Dockers . . ... 65
3.2.2  Jupyter notebooks and Tutorials . . . . . ... .. ... ... ... ... 66

3.3 Design Philosophy and Structure . . . . . .. ... ... L. 68



CONTENTS

3.4 User Workflow . . . . . . . . .. 69
3.4.1 Loading Data . . . . . . . . .. . 71
3.4.2 Augmenting Data . . . . . . ... 72
3.4.3 Visualisation . . . . . . .. 73

3.5 Specific behavioural tools . . . . . . .. .. o 75
3.5.1 Circadian Analysis . . . . . . . . ... 76
3.5.2 Hidden Markov Models . . . . . . . . ... ... .. oL 81

3.6 Integrating Machine Learning . . . . . . . . . ... ... oL 84

3.7 Summary ... 85

Modelling sleep stages with hidden Markov models 86

4.1 Is Drosophila sleep phasic? . . . . . . . . . . ..o 86

4.2 Modelling Sleep . . . . . . . . 88
4.2.1 Previous Attempts to Model Sleep . . . . . . . ... ... ... 88

4.3 The fundamentals of hidden Markov models . . . . . ... ... ... ... ... 90
4.3.1 Structure of hidden Markov models . . . . . .. ... ... ... ..... 91
4.3.2 Solving the fundamental problems of hidden Markov models . . . . . . . 91

4.4 Exploring and validating the hidden Markov models . . . . . . .. .. ... ... 93
4.4.1 Deciding the model architecture . . . . . . . .. .. .. ... ... 93
4.4.2 Training and Scoring the Model . . . . . . . .. .. ... ... ... ... 94
4.4.3 Describing the decoded model . . . . . . .. .. ..o 99

4.4.4 Validating the models predictions . . . . . . .. .. ... .. ... .. .. 102



CONTENTS xi

4.5 DISCUSSION . . . . . . 107

4.6 Applying the hidden Markov model

to multiple Drosophilids . . . . . . . . . ... .. 108
4.6.1 Species background . . . . . ..o 109
4.6.2 HMM derived sleep for Drosophilids . . . . . .. .. ... ... ... ... 111
4.6.3 Interpreting Sleep Rebound with HMMs . . . . . . . .. ... ... ... 118

4.7 DIsCussion . . . . . . .. 120
5 Classifying sleep beyond movement 122
5.1 Rationale . . . . . . . 122
5.2 Background . . . . .. 123
5.2.1 Behavioural Criteria for sleep across species . . . . . . .. .. ... ... 123
5.2.2  Behavioral indicators of sleep in insects and Drosophila . . . . . . . . .. 124

5.3 Exploring the ethoscope trackers’ variables . . . . . . . .. ... ... ... ... 125
5.3.1 Additional variables from the ethoscope . . . . . . ... ... ... ... 126
5.3.2 Variables over time . . . . . .. ... oo 127
5.3.3 Distribution of variables . . . . . . ... ... 00000 130
5.3.4 Do variables change over immobile bouts? . . . . .. . ... . ... ... 133
5.3.5 Are responses dependent on the variable value? . . . . .. .. ... ... 135

5.4 Predicting sleep with machine learning . . . . . . . ... ... ... 136
5.4.1 Dynamic time warping classification . . . . . . . .. ... ... 140

5.4.2 Catch22 Classification . . . . . . . . . . . 142



xii

CONTENTS

2.5

Discussion . . . . . .. 145

6 Identifying sleep hallmarks with high-resolution videos recordings and ana-

lysis

6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

6.9

148
Rationale . . . . . . . . . 148
Behaviour identification through keypoint tracking. . . . . . . .. .. ... ... 149
Capturing high resolution videos . . . . . . . . . . . .. .. ... ... ... ... 150
6.3.1 Setup . . . . . 150
6.3.2 Curation . . . . . . . .. 152
Applying keypoint tracking . . . . .. ..o L oL 152
6.4.1 Model training . . . . ... oL 152
6.4.2 Model accuracy . . . . . . ... 153
Manual behaviour segmentation . . . . . . . .. ... oL 154
6.5.1 Description of postures . . . . . . .. ... 154
6.5.2 Do the angles at keypoints describe the behaviours? . . . . . . . .. . .. 155
6.5.3 Does the centroid describe the behaviours? . . . . . .. .. ... .. ... 158
6.5.4 Does the distance between keypoints describe the behaviours? . . . . . . 158

6.5.5 Do changes in the y-coordinate of keypoints describe the behaviours? . . 160

Time-series analysis of postural keypoints . . . . . . . . . . ... ... ... ... 162
Behavioural observations . . . . . . . ... Lo 164
Discussion . . . . . . . . .. 166
Further work . . . . . . . . oo 168



7 General discussion

7.1 Summary

7.2 Findings . . . . . ..
7.2.1 Probabilistic modeling Vs Inferential analysis . . . . . . ... ... ...
7.2.2  Should the Five-Minute Assumption Remain? . . . . . . . .. ... ...
7.2.3 Behavioural Identifiers . . . . . . . .. ... oo

7.3 Conclusion

A Appendix

Bibliography

xiil

170

170

171

171

175

177

179

181

181



Xiv



List of Tables

2.1 The Drosophila species and their collection sites. . . . . . . . . . ... ... ... 44
2.2 The variables generated in real time by the ethoscope. As used in Chapter 5. . . 47

2.3 The variables generated post experiment in ethoscopy. As used to label move-

ment and behaviours. . . . . . ... 48
2.4 Catch-22 features and their descriptions. . . . . . . . ... .. ... ... ... 56

2.5 Parameters and the arguments used when calling the video function libcamera-vid

to capture HD videos. . . . . . . . . .. Y

4.1 A breakdown of the architecture of the hidden Markov models presented in Figure

4.1 95
A.1 HMM transition probabilities . . . . . . . . .. .. ... 182
A.2 HMM emission probabilities . . . . . . . . ... ... 183

XV



Xvi



List of Figures

1.1

1.2

1.3

1.4

1.5

1.6

1.7

2.1

2.2

3.1

3.2

3.3

3.4

3.5

3.6

Description of the sleep and wake stages of humans . . . . . . .. ... .. ... 7
The two-process model of sleep regulation . . . . ... .. ... .. ... .... 9
The conservation of neurotransmitters that regulate sleep and wake. . . . . . . . 11
REM sleep total versus core body temperature in the homotherm order . . . . . 16

Phylogenetic tree showing the distribution of sleep states across the animal kingdom 25

The ethoscope: an automated video behavioural tracking system and its modules 31

Circadian activity peaks and daily sleep in Drosophila . . . . . . . . . .. . ... 38
Visual representation of the variables tracked by the ethoscope . . . . . . . . .. 46
Diagram of the keypoint label locations and subsequent calculations . . . . . . . 59
Diagram of the ethoscopy ecosystem and its architecture . . . . . . .. ... .. 70
An example of the loading functions in ethoscopy . . . . . . . . . .. ... ... 72
An example of some of the methods available in ethoscopy . . . . . . . . . . .. 74
Visualisation methods available in ethoscopy . . . . . . . .. .. ... ... ... 76
Visualisation of the circadian analysis tools available in ethoscopy . . . . . . .. 80
Visualisation of the output of hidden Markov models in ethoscopy . . . . . . .. 83

XVil



Xviii LIST OF FIGURES
4.1 A modified version of the Wiggin four state model scores the best . . . . . . .. 97
4.2 The new model HMM architecture with two observables is the best representative

of the data when decoded . . . . . . . . . ... 98
4.3 HMM predicted sleep states have unique characteristics and vary over the day . 101
4.4 Each predicted HMM state has a unique arousal threshold . . . . . . . .. . .. 105
4.5 Manually segmenting light sleep classification reproduces an uptick in response

rate at theend . . . . . . . L 106
4.6 A partial pylogenetic tree of the selection of Drosophila used in this study . . . 110
4.7 Each Drosophilid has a unique HMM profile and sleep pattern . . . . . . . . .. 114
4.8 Distribution of the lengths of HMM states per Drosophilid . . . . . .. ... .. 117
4.9 Only D. melanogaster exhibits homeostatic sleep rebound after mechanical sleep

deprivation . . . . ... 119
5.1 Depiction of the variables tracked by the ethoscope . . . . .. .. .. ... ... 127
5.2  The tracked variables follow a circadian rhythm over the 24-hour day . . . . . . 129
5.3 The distribution of each tracked variable per HMM state . . . . . . . . ... .. 132
5.4 Tracked variables change over the bout with no difference between non-responding

and responding bouts . . . . .. ..o 134
5.5 The response rate changes for different values of X, W, Area, and mean velocity 138
5.6 An example of how variables change over an inactive bout . . . . . .. ... .. 139
5.7 k-NN classification with DTW fails to predict response or HMM sleep state . . . 141
5.8 Time series features from Catch22 can marginally predict responses better than

randomy . ... . 144



6.1

6.2

6.3

6.4

6.5

6.6

6.7

6.8

The new high-definition video capture setup . . . . . . . . ... ... ... ... 151

Videos of inactive bouts were labelled on the head, body, and abdomen . . . . . 153
Three observable sleep postures were manually identified . . . . . . . . . . . .. 154
The angle at each keypoint does not distinguish the postures . . . . . . . . . .. 157

Changes in length between the head and abdomen identify full prone in female

flies . . . . . 159
Changes in the y-coordinate of keypoints identify postures . . . . . . .. . . .. 161
Time series analysis of keypoint locations reveals no differences . . . . . . . . .. 163

The sleep identifier the "haltere switch’ and terminalia protrusion were observed 165

Xix



XX



List of Abbreviations

ACYV apple cider vinegar.

AIC Akaike Information Criterion.
BIC Bayesian Information Criterion.

Catch22 CAnonical Time-series CHaracteristics.
CI confidence interval.

CS canton-S.

DAM Drosophila Activity Monitoring.
DTW Dynamic Time Warping.
EEG electroencephalogram.

HCTSA High-Content Time-Series Analysis.
HD high definition.

HMM hidden Markov model.

ID unique identifier.

IR infrared.

k-NN k-nearest neighbour.



2 List of Abbreviations

ML machine learning.

NREM non-rapid eye movement.

REM rapid eye movement.

ROI region of interest.

ROS reactive oxygen species.

SD sleep deprivation.

SWA slow wave activity.

t-SNE t-distributed stochastic neighbor embedding.

Z'T zeitgebers.



Chapter 1

General Introduction

1.1 Behaviour as a tool of Neuroscience

Behaviour, whether conscious or unconscious, encompasses the entirety of our daily interac-
tions—from the simple, such as rhythmic breathing, to the intricate, such as social relation-
ships. Similarly, as the lungs extract oxygen from the air, the nervous system governs and

maintains these behaviors, allowing an organism to engage with its environment [1].

The core ambition of neuroscience is to decipher how the brain orchestrates these behaviours
in response to the world. Despite increasingly sophisticated tools and a better understanding
of the mechanical dynamics of the brain, a comprehensive theory of brain function remains
elusive. Even in the well-mapped neuronal circuitry of Caenorhabditis elegans, which consists
of only 302 neurons, our ability to predict behaviour is limited [2]. Clearly, understanding
neural circuitry alone is insufficient; it must be coupled with detailed insights into behaviours

and their contexts [3, 1].

Sleep is a particularly complex behaviour, occupying a significant portion of our lives and widely
regarded as essential across species. Yet, from an external perspective, sleep offers little visible
information beyond what is indicative of internal electrophysiological states. Nevertheless, its

quality, quantity, and drive are shaped by our behaviours over days and even years. To develop



4 Chapter 1. General Introduction

a general theory of sleep, we must examine how it adapts to varying conditions both within

and across species.

1.2 Overview of Sleep

1.2.1 Historical Context

Sleep has fascinated humans for millennia and is intertwined with ideas and mythologies sur-
rounding death. This connection is evident in ancient texts and mythologies, as far back as
the Epic of Gilgamesh, where Gilgamesh slays Humbaba, a giant that never sleeps, and in
ancient Egyptian culture, where death is referred to as the ”eternal sleep”, a euphemism still in
use today [4]. This association likely stems from the observable similarities between sleep and
death: both states involve immobility, a prone position, and a lack of consciousness. Aristotle,
the pioneering scientist of ancient Greece, regarded sleep as a form of affliction (pathos) in
his treatise On Sleep and Sleeplessness [5], a sentiment that persists in modern attitudes

where sleep is often viewed as a limitation of the body.

This philosophical, and often emotive, discourse on sleep has been the only outlet for scientists
limited to observations alone. For all one could tell the mind and person ceased to observe the
world, becoming motionless, leading to its label as a unitary off-period [5, 6]. Sleep, however,
was known to be different to death. Most poignantly by the fact that it is reversible. It was

from this key behavioural identifier that modern sleep studies grew out.

1.2.2 Definitions of Sleep

Behavioural Classification

Despite its ubiquity in life, systematic studies of sleep did not emerge until the late 19th century.
Kohlschiitter was among the first to approach sleep scientifically by applying mathematical

theories of sensory stimulation and perception. By exposing subjects to graduated sounds, he
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demonstrated that the depth of sleep varies over time, producing the first sleep depth curve
[7] —an experiment that remains replicable today [8]. J. S. Szymanski further explored sleep’s
relationship to wakefulness through continuous measurements of activity and rest in animals
and infants over 24-hour periods (1914-1922). His work quantified monophasic and polyphasic

activity patterns, and diurnal and nocturnal species [5].

These early studies led to the development of behavioural criteria for defining sleep that could
be extrapolated to all animals. In 1913, Henri Piéron proposed the following criteria [9]: (1)
the adoption of a stereotypic or species-specific posture, (2) sustained behavioural quiescence
beyond a minimum duration, (3) an elevated arousal threshold, and (4) rapid reversibility upon
significant stimulation. These criteria have proven robust, with Campbell and Tobler [10] later
using them to review sleep duration across a broad range of species. Their review highlighted
the predominance of mammalian sleep studies and, to a lesser extent, avian studies, while
showing that sleep-like states are present in most animals, including invertebrates—previously

overlooked in sleep research.

The behavioural criteria were further refined when Hendricks et al. added two additional
conditions: (5) altered sensory information processing, and (6) regulation by homeostatic and

circadian controls, key controllers of sleep that will be explored later[11].

Behavioural sleep research remains focused on measuring and contextualising sleep within these
six criteria, investigating the length and location of quiescence across the animal kingdom

[12, 13, 14, 15].

Electrophysiological Classification

While behavioural criteria are useful for identifying sleep across species, the invention of the
electroencephalogram (EEG) by Hans Berger in 1928 allowed for direct measurement of brain
activity during sleep. Soon after, Alfred Loomis published research differentiating wakeful-
ness, sleep, and hypnosis purely through EEG recordings [16]. Loomis and colleagues further

categorised sleep into five stages, laying the groundwork for modern sleep scoring [17].
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In the 1950s, the idea of sleep as a uniform state was challenged when EEG data revealed
periods of brain activity similar to wakefulness, accompanied by rapid eye movements [18, 19].
This discovery led to the classification of sleep into two distinct categories: rapid eye movement
(REM) sleep and non-REM (NREM) sleep. In 1968, Allan Rechtschaffen and Anthony Kales
formalised this classification with their manual of EEG-based sleep scoring, defining sleep as
an alternating cycle of REM and NREM stages [20]. Each cycle typically includes one REM
stage—characterised by eye movements, a low-amplitude, mixed-frequency EEG, and reduced
muscle tone—and four NREM stages—marked by K-complexes, sleep spindles, and slow-wave
activity (SWA) (0.5-4 Hz) in the later stages. In all adult mammals studied to date, SWA
sleep is the predominant sleep state, usually occupying 75% of total sleep time [21]. REM
and NREM sleep are sometimes referred to as ”active sleep” and "restful sleep,” respectively,
although this rule has been known to be broken with the finding of myoclonic twitches during
REM in older infants [22] and distal muscle twitching in adults [23], so should not be used as

definitive proof.

In humans, a full sleep cycle typically repeats four or five times per night. Figure 1.1 provides

a breakdown of these stages.

Since their discovery, EEG-defined sleep stages combined with electromyograms —to distinguish
REM from wake— have become the gold standard for sleep classification. However, this sleep
architecture classification has only been conclusively demonstrated in mammals and birds, with

limited evidence of similar electrophysiological patterns in other animal groups [24, 25, 14].

1.2.3 Regulators of Sleep

Our earliest understanding of sleep recognised its periodic nature, reflecting the Earth’s natural
rhythms. Both modern human societies and hunter-gatherer societies have robust activity
patterns, that follow the 24-hour cycle. Sleep onset and wake may differ, but the totals remain
similar [29]. Deviating from this pattern, such as staying awake beyond the usual bedtime, leads
to an increasing internal urge to sleep. The ancient Greek physician Galen attributed this to

”pneuma” being depleted during wakefulness—what we now refer to as sleep pressure [5]. These
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Human Sleep Stages
and EEG signa

Description

adapted from Pan et al., 2012, 2021

Siginal generation /
origin

adapted from Joiner., 2016

Wake

NREM Stage 1

NREM Stage 2

NREM Stage 3-4

REM

PPN gy

In a closed eye subject:
- >50% consists of alpha (3-13 Hz) activity
or low-voltage, mixed (3-7 Hz) frequency activity

The transitional state from wakefullness

Low-voltage mixed (3-7 Hz) activity,
theta waves

Low arousal thresholds

Some evidence of eye rolling

Lengthens with each progressive cycle
Appearance of sleep spindles
and/or K complexes
< 20% of the state may contain high voltage
(> 75 pV, <2 Hz) activity
Higher arousal thresholds than state 1

Mostly occurs in the first third of the night
Synchronised large amplitude, low-frequency
SWA
20%-50% consists of high voltage and
low-frequency

(>75 pV, <2 Hz) activity, delta waves
Highest arousal thresholds

Similar EEG to wake

Relatively low-voltage mixed frequency activity
Episodic rapid eye movement

Reduced chin EMG activity

Lengthens progressively each cycle

Arousal thresholds similar to stage 2

Cholinergic and monoaminergic brainstem

nuclei generate cortex wide excitement through both
the ventral and dorsal excitatory pathways.

Priming the cortex for sensory signal processing.

Cholinergic and monoaminergic signalling are both
reduced. Leading to dampened cortex excitement
and increased filterering of sensory information

Cholinergic activity from the brain stem, akin to
wake is produced. However, monoaminergic
signalling is reduced, resulting in altered firing of
the thalamic neurons. This filters out sensory
signalling in the cortex

Figure 1.1: Description of the sleep and wake stages of humans.

Sleep cycles through from wake to NREM to REM with representative EEG recordings and
description. Transition from stage to stage is sequential from top to bottom. REM will cycle
back into NREM-1 is no awakening occurs. Description of signal adapted from Pan et al. 2012,

2021 [26, 27]. Description of signal origin adapted from Joiner 2016 [28].

two well-established phenomena, sleep debt and daily rhythm, were later formalised into the
widely accepted ”two-process model”: homeostatic control (Process S) and circadian control

(Process C). Together, these processes synchronise our sleep-wake cycle with both internal

physiological needs and external environmental cues (Fig. 1.2) [30].

Homeostatic Control — Process S

Process S represents the build-up of sleep pressure, which increases steadily during wakefulness.
The longer we stay awake, the greater the pressure, driving the need for sleep. Sleep relieves
this pressure, bringing it back to baseline levels [30]. The key regulators include melatonin [31],

which promotes sleep onset in the evening, and orexin [32], which maintains wakefulness during

the day. The primary function of Process S is to ensure adequate daily sleep
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When sleep is insufficient or disrupted, the body compensates with sleep rebound, characterised
by deeper, more intense sleep to recover lost rest. Sleep rebound typically involves increased
SWA and a higher threshold for arousal [33, 34, 35]. Recovery sleep typically takes less time

than sleep lost, indicative that sleep quantity is not a fixed process that may be related to sleep

type.

Circadian Control — Process C

Process C operates on a 24-hour cycle, governed by the internal biological clock located in
the suprachiasmatic nuclei of the hypothalamus [36, 37]. Additionally, evidence suggests loc-
alised rhythms within other tissues [38]. Unlike Process S, Process C is self-sustaining and
continues even in the absence of external cues like light and darkness. However, without align-
ment with external signals—known as zeitgebers (ZT), such as light, temperature, and social

interactions—the circadian rhythm can drift over time [36].

Process C not only regulates sleep but also orchestrates daily physiological rhythms, ensuring
that bodily functions occur at optimal times based on an organism’s needs. For humans,

morning light and evening meals are the most powerful zeitgeber [39].

Interaction Between Process S and C

Although distinct, Process S and Process C interact to regulate sleep-wake cycles. Their in-
terplay aligns the physiological need for sleep with optimal sleep times. Recent revisions to
the two-process model suggest that these processes influence each other in more complex ways

than initially understood [40].

The framework remains central to understanding sleep regulation, emphasizing the dynamic

interplay between biological need and environmental adaptation.
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Two-process model of Sleep Regulation
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Figure 1.2: The two-process model of sleep regulation.

Sleep propensity grows during periods of wakefulness and abates during sleeping periods. The
homeostatic process-S (green line) generates an increasing pressure to sleep upon consecutive
time awake until it becomes intense enough to initiate sleep (red line). The circadian process-C
(purple line) follows a daily rhythm, peaking at differing times for different animals.

Conserved neurotransmitters of sleep

The neuromolecular regulators of sleep are remarkably conserved across species (Fig. 1.3). In
mammals, zebrafish, and fruit flies, the activation of aminergic and cholinergic neurons plays
a key role in promoting wakefulness [28]. Pharmacological interventions further underscore
this conservation: antihistamines and GABAergic agonists consistently promote sleep, while
caffeine induces wakefulness by antagonising adenosine receptors. Histological studies confirm
that in zebrafish, the spatial distribution of aminergic, cholinergic, and GABAergic neurons
closely mirrors that found in mammals [41]. Moreover, both pharmacological and genetic ma-
nipulations of neurotransmitter systems in zebrafish reveal striking similarities to mammalian
responses [28]. However, this high degree of similarity is only partially observed in Drosophila.
Notably, orexin has not been identified in invertebrates, and in Drosophila, both serotonergic
[42] and glutamatergic [43] neurons have been found to promote sleep, contrasting with their
wake-promoting roles in mammals and zebrafish. It is clear that the regulators of sleep are
strongly conserved throughout the animal kingdom, indicating that the basic arousal and sleep

promoting circuits were defined molecularly very early on. Later evolution may have seen the



10 Chapter 1. General Introduction

loss or adaption of some circuits in invertebrates
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Figure 1.3: The conservation of neurotransmitters that regulate sleep and wake.

Colored circles represent pharmacological, histological or genetic confirmation of the existence
of neurotransmitter systems in mammals, zebrafish and flies. Where the background is white
the neurotransmitters and known to promote wake when activated. Where the background
is grey the neurotransmitters are known to promote sleep. The invertebrate neurotransmitter
equivalent of norepinephrine is octopamine. * Some sub-populations of GABAergic neurons
promote wake in mammals. Adapted and updated from Joiner, 2016 [28]
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1.2.4 Consequences of Sleep Loss

Is it lethal?

The common discourse surrounding sleep is the worry of not getting enough and the poten-
tial consequences effects. Early studies on chronic sleep deprivation (reviewed in Bentivoglio &
Grassi-Zucconi, 1997 [44]) indicated that chronic sleep loss could be fatal, based on experiments
conducted in dogs [45, 46, 47] and rats [48, 49]. This belief is still supported by some research-
ers, with recent studies in Drosophila [50, 51] and cockroaches [52] reporting similar findings.
However, the methods used in these studies often involve highly stressful conditions, such as
forcing animals to stay constantly active or in a state of fear, irrespective of their sleep state. In
contrast, experiments using more targeted and less intrusive sleep deprivation techniques [53],
or similar methods applied to other species like pigeons [54], have shown that sleep depriva-
tion is not lethal. Notably, no human has ever died from voluntary chronic sleep deprivation
[55, 56]. Although pathogenetic sleep loss from fatal familial insomnia, a prior protein based
neurogenerative disease, will lead to death within 8-72 months [57]. Fatal familial insomnia
is characterised by increasing inability to fall asleep or refreshment from sleep, that coincides

with motor impairment, decreasing intellectual abilities, and emaciation.

Physical adverse effects?

While sleep deprivation may not be fatal, numerous clinical and experimental studies have
linked abnormal sleep with health issues [58, 59, 60|, such as weight gain leading to obesity
and diabetes [61], as well as impairments to the immune system [62]. Both too much and too
little sleep correlate with a greater risk of death [60]. Research into sleep loss suggests that
these health deficits might be associated with increased levels of toxins in the brain that are
cleared more effectively during sleep [63, 64, 65] and that by bolstering stress response genes
the effects can be mitigated [50]. However, this brings us back to the debate on lethality—are
these outcomes driven by sleep loss or by the stress induced during sleep deprivation, and can

the two ever be fully disentangled? Unpublished findings from the Gilestro lab suggest that the
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build-up of reactive oxygen species (ROS), previously thought to cause death in sleep deprived
Drosophila [51], is a result of mechanical stress rather than sleep loss. Additionally, Miao et
al. work challenges the notion that sleep promotes clearance of brain toxins, instead observing
a decrease [66]. These examples show the conflicting discourse about the restorative affects of
sleep. All theories must first answer the question of why these processes can not be achieved

during wake before they can be accepted.

Cognitive effects?

Sleep deprivation has long been linked to declines in cognitive function [67]. Studies have
shown that participants are less likely to learn new tasks if their sleep is disrupted [68], and
their performance improves if they are allowed to nap [69]. Similar findings have been observed
in Drosophila, short-sleep mutants [70] and sleep-deprived flies [71] exhibit impairments in

learning and memory, consistent with effects seen in humans [72, 73].

Some researchers attribute these cognitive deficits specifically to disrupted REM sleep. Indi-
viduals with REM sleep disorders are at a much higher risk of developing neurodegenerative
diseases [74, 75], and those with naturally low REM sleep and high NREM-stage 1 sleep show
a greater risk of cognitive decline [76]. This evidence aligns with the observation that REM
sleep is most prominent during developmental stages [77, 78|, with chemical disruption of REM
sleep affecting brain maturation in both rats [79] and flies [80]. However, the emphasis on
REM sleep’s role in cognition is challenged by findings that sleep rebound tends to prioritise
NREM sleep and SWA [81]. Any disruption of REM sleep is likely to have wide ranging effects,

independent of REM sleep’s function.

The evidence surrounding the effects of sleep loss remains complex and often contradictory.
One of the main challenges in sleep research is effectively controlling confounding factors like
stress. Among the various findings, the most convincing link is between sleep and memory or
learning processes. Even during Randy Gardner’s famous 1963 experiment, where he stayed
awake for 11 days, significant cognitive decline only appeared near the end, while his motor

skills remained remarkably intact [82]. Interestingly, humans sleep the least among primates,
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albeit with the highest proportion of REM sleep [83]. If sleep is not directly tied to cognitive
ability, then the regulation of sleep quantity and quality must be influenced by other factors—an

idea best explored through a broader examination of sleep across different species.

1.2.5 Differences in Animal Sleep

As previously mentioned, using behavioural criteria pioneered by Henri Piéron, sleep can be
observed across the animal kingdom [84, 24, 85]. Many researchers view sleep as a universal
phenomenon, deeply conserved throughout evolution [86, 87, 88, 12]. This section focuses on

the differences and variations found in sleep across species, as a mode to explore its function.

Variation in length

While sleep is ubiquitous, it is far from uniform. There is significant variation both within and
across species [89]. In humans, sleep duration changes across developmental stages, ranging
from 12-15 hours in infancy to 6-8 hours in adulthood [90], and the proportion of REM sleep
decreasing over time [77]. Even within these averages, sleep duration varies widely among a pop-
ulation [91], a distribution also observed in birds [92] and fruit flies (Drosophila melanogaster)
[53]. Some of this variation can be attributed to genetics [93], but environmental flexibility
plays a significant role as well [94]. Hunter-gatherer societies sleep about an hour more during
the winter as nights grow colder [29], and pre-industrial Northern Europeans exhibited biphasic
sleep patterns during the long winter months [95]. The three-toed sloth changes its sleep total

from the wild (10 hours) to captivity (16 hours) [96].

Understanding sleep function requires considering why some animals sleep much more than
others. Among 22 studied primates, humans sleep the least, while the grey mouse lemur
(Microcebus murinus) sleeps the most—up to 16 hours [83]. The brown bat (Myotis lucifugus)
takes the crown for the longest sleeping mammal at 20 hours a day [97], which dwarfs the
sleep of giraffes (Giraffa camelopardalis) [98] and elephants (FElephas mazimus) [99] who will

only sleep 4-5 hours. One of the few correlations of sleep total in mammals is weight in
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herbivores, and to a lesser extent omnivores, where larger animals sleep the least on average.
This correlation is not seen in carnivores [13]. But this is not an exact predictor; for instance,
the golden-mantled ground squirrel ( Callospermophilus lateralis) and the degu (Octodon degus),
despite being similarly sized rodents ( 200-300 g), sleep 15.9 hours and 7.7 hours respectively
[100]. Differences in sleep in animals of the same size could be due to differing basal metabolic
rate, which is shown to negatively correlate with total sleep time and the amount of SWA sleep
[101]. Clearly, sleep duration is influenced by multiple factors, and no single variable model

can fully explain this variation.

Variation in type

Sleep duration is the simplest metric to compare, but EEG data allows us to explore differences
in sleep type, primarily in mammals and birds. Some animals, such as cetaceans (an infraorder
of aquatic mammals), exhibit unihemispheric sleep, where one cerebral hemisphere sleeps while
the other remains awake [102]. This has been observed in species like bottlenose dolphins
(Tursiops truncatus) [103, 104] and beluga whales (Delphinapterus leucas) [105]. During uni-
hemispheric sleep, cetaceans can continue swimming in circles [106, 103] or will rhythmically
surface and submerge [105]. Interestingly, bottle nose dolphins maintain sensory awareness

during sleep and exhibit no REM sleep [107, 108].

Semi-aquatic mammals, such as fur seals (Callorhinus ursinus) and sea lions (Otaria flaves-
cens), switch between bilateral sleep on land and unihemispheric sleep when in the water for
extended periods. While in the water, they may spin in water or rest on the floor [85, 109].
Like cetaceans, these mammals lack REM sleep while in water, although it is present on land,

and have unaffected cognition after sleep deprivation [110, 111]).

Unihemispheric sleep is not exclusive to marine mammals, it is also apparent in birds, typically
during long migratory flights [112]. Initially, this was thought to be necessary for maintaining
flight and navigation, but recent studies on great frigatebirds (Fregata minor) reveal that they
can sleep both unilaterally and bilaterally while soaring [113, 114]. Unihemispheric sleep could

function as a defense mechanism; mallards (Anas platyrhynchos) on the periphery of a group



16 Chapter 1. General Introduction

tend to sleep with one eye open, while those in the center sleep bilaterally [115].

The architecture and origins of sleep states can also differ across species. Monotremes, such as
echidnas (Tachyglossus aculeatus) [116, 117] and platypuses (Ornithorhynchus anatinus) [118],
exhibit bursts of REM-like sleep activity confined to the brainstem, while the rest of the brain
remains in a typical NREM state. Interestingly, monotremes have the highest proportion of
REM sleep (if it can be called REM sleep) among all mammals, a feature linked to their low
core body temperature, which is inversely correlated with total REM sleep across mammals

(Fig. 1.4) [119].
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Figure 1.4: REM sleep total versus core body temperature in the homotherm order.
Homotherms with the lowest body temperature (red line), monotremes, have the highest total
REM sleep (blue line). The inverse relationship is true across birds, placentals, and marsupials.
Adapted from Siegel 2022 [12]

Forgoing sleep

Some animals are capable of temporarily abandoning sleep in response to environmental changes.
Dolphins and seals can go without sleep for up to five days without noticeable deficits [107, 111],
and white-crowned sparrows (Zonotrichia leucophrys) reduce sleep by 63% during migration

[120]. Breeding and rearing activities are also strong modifiers of sleep. Walruses (Odobenus



1.2. Overview of Sleep 17

rosmarus) forego sleep during breeding season [121] and sleep deprived male Drosophila will

forgo rebound sleep in the presence of female pheromones [122].

Short Sleepers

Parental duties also influence sleep patterns. Incubating chinstrap penguins (Pygoscelis ant-
arcticus) experience extremely short bouts of SWA sleep (4 seconds) but in greater quantities
compared to non-incubating individuals, mirroring behaviours seen in birds at the edges of
colonies [123]. In both cases, sleep is thought to adapt to mitigate predation risk. In Droso-
phila, 6% of wild-type females sleep for less than 5% of the day, while 50% sleep less than 20%
[53]. This is attributed to females’ need to find suitable egg-laying sites or meet higher caloric

demands. Notably, virgin fruit fly females exhibit sleep patterns similar to males [124].

Cavefish populations provide an intriguing model for studying the evolutionary pressures on
sleep. In Mexico (Astyanar mezxicanus) [125, 126] and Southeast Asia (Balitoridae) [127],
cave-dwelling fish populations have evolved away from their surface-dwelling ancestors. These
populations show common adaptations to life in darkness, including reduced pigmentation, eye
degeneration [128], and a dramatic reduction in sleep duration—up to 80% less in A. mexicanus
[125]. The cavefish model offers a unique perspective on how sleep can evolve in response to

environmental pressures.

1.2.6 Evolution and Theories of Sleep

The evidence is for sleep as a universal behaviour across the animal kingdom, despite its variab-
ility in duration and structure. Its widespread presence in nature has driven many to consider
sleep essential with evolutionally conserved physical biological functions [129, 130, 86]. How-
ever, while we have deep insights into sleep mechanisms and its physiological impacts, general
theories about the purpose of sleep struggle to account for all species” behaviours. Broadly, sleep
theories can be categorised into adaptive and restorative perspectives, with cognitive functions

sometimes considered a subset of the restorative view.
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Sleep as an Adaptive Response

The adaptive theory of sleep suggests that animals evolved sleep as a strategy to conserve energy,
avoid danger, and wait for more favorable environmental conditions [131, 132, 133, 134]. This
idea aligns with how species adapt to specific temporal niches, becoming active during either
diurnal or nocturnal periods based on when they are most efficient at crucial survival activities,
like hunting and mating. During unfavorable periods, animals enter a low-energy state which

could be an optimal strategy to avoid engaging in activities when conditions are less favorable.

However, the adaptive theory faces challenges, especially when considering why animals would
increase their vulnerability by reducing sensitivity to their surroundings during sleep [135]. For
instance, why not simply remain in a state of quiet wakefulness rather than fully “switching oft”?
While some species take precautions—such as chinstap penguins micro sleep [123]—the risk
associated with reduced vigilance remains. Additionally, animals with a high basal metabolic
rate have less sleep when logically they would stand to gain the most energy conservation from

sleeping [101].

One extension of the adaptive theory posits that sleep evolved as a safeguard against niche
expansion. This theory suggests that by entering a reduced-sensitivity state during unfavorable
conditions, animals prevent gradual adaptation toward an alternate niche. This aligns with
cases like the cavefish, which have drastically reduced sleep in the absence of niche changes
in light [125], or large herbivores like elephants and giraffes that sleep very little who live in
relatively stable environments and require a lot of energy [99, 98]. However, this view does not
account for why animals with adaptations for both day and night still engage in sleep or why

animals will sleep in the day in the absence of something to do.

Some argue that sleep may have initially evolved as an adaptation against unfavorable niches,
and over time, sleep architecture evolved to take advantage of this period for restorative pur-
poses [134, 130]. This perspective might explain why sleep persists even in the most consistent
niches: as the recuperative benefits of sleep became integral, they became tightly interwoven

with the sleep process, making its eradication unlikely despite environmental stability.
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Sleep as a Restorative Process

The restorative theory posits that the physiological and metabolic demands of daily activity
necessitate a recovery period, with sleep being the optimal state for this restoration [136]. Sleep
is thought to allow for cellular repair, metabolic regulation, and the clearing of metabolic waste
products, particularly in the brain [65], although these theories are contested as discussed in
the Consequences of Sleep Loss section. Increased synthesis of growth and repair proteins
during sleep do support this notion [136], and studies across species—from rats to flies to
humans—show a link between sleep and recovery from wounds and infections [137, 138, 139].

Opposing this, a study claims a protective role in sleep deprivation in humans [140].

However, this theory is complicated by examples of animals, like migratory birds or dolphins,
that can forgo sleep for extended periods without apparent detriment [102, 112]. Or by short
sleeping animals such as the chin strap penguin [123]. If sleep is only lasting a few seconds,
can the body be shifting that rapidly into the healing processes. It is more likely many of these

functions are occurring during all hours.

Sleep and Cognitive Restoration

While the robustness of the clearance and healing theory may be shaky, there is a universal
agreement upon the association of sleep and cognitive processes. Sleep deprivation is known to

impair cognitive functions, such as decision-making, attention, and memory [141, 142].

The synaptic homeostasis hypothesis offers one explanation, proposing that sleep allows the
brain to downscale synaptic connections strengthened during wakefulness, refining and pruning
those connections that are less critical [143, 33, 144, 145]. Studies have shown that dendritic
connections are more numerous from wake to sleep [146, 147|, and in flies protein levels of pre-
and postsynaptic components are higher during wake declining in sleep [148]. This synaptic
downscaling improves signal-to-noise ratios, helping with memory consolidation. As a caveat
to the restorative theory, this pause in neuronal activity may also be a time when the neuron

can rest and recover, preplacing damaged proteins and lipids [149], or repaired neuronal DNA
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[150].

The active system consolidation model builds on this, suggesting that specific patterns of neural
activity during sleep, particularly SWA in NREM sleep, are crucial for transferring memories
from short-term to long-term storage [151, 144, 152]. Region-specific consolidation has been
observed, where brain areas involved in tasks during wakefulness show elevated activity during

sleep [153, 71].

However, this theory does not explain the lack of correlation between sleep duration and cognit-
ive complexity across species. For example, elephants, which have sophisticated social systems,
sleep far less than other complex animals like primates [154, 84, 86]. The tripartite model
proposed by Dr. Giorgio Gilestro seeks to address the failures of both theories by combining
them. The model suggests that time asleep can be placed in three broad categories: vital; which
is immutable with a core function that is necessary for a healthy life, useful; which help an
animal thrive but can be lost without too much short term recompense, and accessory; which
can scale to as short and long as evolution requires. The first two parts of the model would
encompass the restorative / memory and learning theories of sleep, both conserved functions
of sleep and species-specific. The last part, accessory, would fulfill the adaptive theory and
possibly be the largest amount of time proportionally. Here, sleep time will increase to counter
selectivity against a favoured niche when other drivers, such as eating and mating, are sated
or impossible. With the tripartite model we can begin to unify all animal sleep under a single

theory that allows for variation in sleep metrics from species to species.

The Evolutionary Balancing Act

The ubiquity of sleep, contrasted with the wide variation in its duration and structure, complic-
ates the alignment of any single theory. This is especially true when considering that restful,
quiet wakefulness might seem a safer alternative for recuperation. To examine this idea, Lima
and Rattenborg modeled the brain as a network of neural units, where the number of active
units is proportional to the likelihood of detecting danger, while inactive units undergo main-

tenance [155]. Interestingly, the model found that the optimal strategy was for all units to
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go offline simultaneously rather than partially. If the model’s core assumption holds—that
maintenance (restoration) is indispensable—this could explain why sleep evolved as a universal

state instead of simple resting.

There may not be a singular primary function of sleep; rather, the functions and theories
proposed could hold varying significance across different species, influenced by their ecological
histories [101]. The relative importance of a specific function within a species’ niche may dictate

the total amount of sleep and the subsequent architecture of their sleep states.

1.2.7 Evolution and diversity of Sleep States

The restorative effects of sleep in mammals seem to have been compartmentalised into distinct
functions attributed to NREM and REM sleep. As mentioned earlier, SWA during late-stage
NREM sleep is implicated in cortical memory consolidation (Stickgold 2013), while REM sleep
is involved in other types of learning, such as pruning and sensorimotor skills [25]. The ratio
of NREM to REM varies significantly across mammals [119] and changes over developmental
stages, with REM sleep peaking in infancy in humans [156]. Historically, distinct sleep states
were considered unique to mammals and later to birds [114]. However, increasing interest in
the evolution of sleep states has revealed evidence of two-stage sleep in a wide range of species,
from reptiles and fish to arthropods and cephalopods (Fig. 1.5). This section will explore
these similarities and differences as we move away from mammals on the phylogenetic tree. A
more comprehensive review of this topic can be found in Rattenborg & Ungurean, 2023 [14],

Yamazaki et al., 2020(25], and Joiner, 2016 [88], Lesku et al., 2006, 2009 [101, 87].

NREM and REM sleep signals have been detected in birds [114, 157, 158], despite fundamental
differences in cytoarchitecture [159]. In pigeons (Columba livia), 1-5 Hz SWA activity occurs
in the hyperpallium, transitioning into wake-like brain activity or REM sleep, which can be
predicted by pupillary constriction and reduced muscle tone [160, 161, 162]. Similar to mam-
mals, birds will prioritises SWA sleep during rebound [157] and their REM sleep reverses the
cooling of the brain that occurs during NREM sleep [161]. Wehr theorised that this warm-

ing function might be the primary purpose of REM sleep [163], enhancing performance upon
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waking or increasing vigilance. However, this theory is contested, as REM sleep decreases in
animals at higher risk of predation [135, 164, 165], suggesting that the warming might be a
costly side effect of REM activity rather than its primary function [161]. Avian sleep is not
entirely identical to mammalian sleep—REM sleep in birds is very brief (less than 10 seconds),

more frequent [165], and lacks the repeated cycles typical of mammals [166].

The similarities between avian and mammalian sleep raise questions about whether their sleep
states evolved independently or share a common ancestor. Since birds belong to the clade
Dinosauria, sharing a more recent common ancestor with reptiles than with mammals [167],

we would expect similar sleep states in reptiles if there were a shared chordate sleep ancestor.

Studying sleep in reptiles is challenging due to their cortical EEG, which complicates unam-
biguous identification of sleep states [168]. Additionally, as ectotherms; reptiles engage in
quiescence or basking which has similar behavioural indicators [25]. Nevertheless, reptiles ex-
hibit sleep-specific postures, and advancements in electrophysiological recordings have provided
new evidence of distinct sleep states [168, 169]. The central bearded dragon (Pogona vitticeps)
exhibits low-frequency (0.5-4 Hz) sleep characterised by numerous negative high-amplitude
sharp waves [169]. Similar sharp waves, though not identical, are seen in the Argentine Tegu
(Salvator merianae) [170] and in two crocodile species [171, 172]. The homology to NREM
sleep is supported by how the waves propagate across the brain and can be used as markers
of homeostatic sleep pressure [168, 173], though evidence supporting functional similarity is

currently limited.

A second sleep state has been identified in both the Argentine tegu [170] and bearded dragons
[169], characterised by beta waves of 10-40 Hz that are distinct from wake states and accom-
panied by eye movements. This sleep state can be reduced using the REM-suppressing drug
fluoxetine [170]. Commonalities in neuropeptides involved in sleep regulation, such as orexin
[174] and melanin producing neurons [175], also point to a shared mechanism between reptiles
and mammals. Although the exact mechanisms driving sleep state transitions in reptiles re-
main unclear [25]. The presence of these states supports the idea that the clade Amniota, which

includes mammals, birds, and reptiles [176], shares a common sleep state ancestor.
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The evidence for sleep states in amphibians and fish is less definitive [14]. Research on amphi-
bian sleep is sparse, with a study of tree frogs (Hyla) noting changes in brain activity during

sleep-like behaviours, but failing to identify distinct sleep stages [177].

However, more recent studies in zebrafish (Danio rerio), have identified two sleep states resem-
bling NREM and REM [178]. Analysis of brain activity, eye movement, and muscle activity
revealed distinct sleep stages, with the REM-analogous state characterized by trunk muscle
contractions absent during NREM sleep. These contractions propagate from the base to the
cortex, similar to the onset of REM sleep in mammals. Interestingly, zebrafish exhibit sup-
pressed brain activity for 20 minutes after REM-like sleep, a phenomenon not observed in
mammals or birds. Leung et al.’s findings provide a potential foundation for the theory that

NREM/REM sleep stages are a conserved feature of chordate animals.

Beyond the chordate phylum, direct comparisons to NREM and REM sleep become more chal-
lenging, although evidence of two-state sleep exists across various model organisms, including

many insects [14].

In forager honeybees’ (Apis mellifera) spontaneous activity in the optic lobes decreases during
periods of rest [179]. The bees exhibit a relaxed thorax, head, and antennae during sleep. By
analysing correlations between arousal thresholds and behavioural posture changes, researchers
identified three distinct sleep states and sleep rebound [180, 181, 182]. This relaxed posture
has been observed in multiple insect species including flour moths [183], cockroaches [184], as
well as fruit flies [185]. However, electrophysiological evidence is limited to only honeybees
and fruit flies, with both having evidence for regulation of sleep originating in the mushroom

bodies, with rhythmic activity correlated with higher arousal thresholds [186, 187].

Drosophila, like honeybees, have evidence of two-phase sleep based on further electrophysiology
studies [188, 189, 190] and arousal thresholds experiments [35, 189]. As the focus of this study,
the evidence and background for multi-staged sleep in Drosophila is discussed in more detail in

the introduction section of Chapter 4.

Other arthropods, like spiders and crayfish, also provide additional insights. Rofler et al. de-
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scribed a potential nocturnal sleep posture in jumping spiders ( Evarcha arcuata), characterised
by leg twitching and curling, which they suggest is analogous to REM sleep [191, 192]. However,
this claim lacks support from arousal threshold or electrophysiological data. Crayfish (Proc-
ambarus clarkii), on the other hand, show reduced brain activity during sleep accompanied by
increased arousal thresholds [193, 194]. Bursts of high-frequency activity in crayfish could be

indicative of a REM-like state, although this requires further investigation [193].

Sleep has also been observed in several mollusks, including the great pond snail (Lymnaea
stagnalis) [195], California sea hare (Aplysia californica) (Vorster 2014), common European
cuttlefish (Sepia officinalis) [196, 197], and octopuses (Octopus insularis) [198]. Although
electrophysiological evidence for different sleep states is currently lacking in these mollusks,
both cuttlefish and octopuses display dynamic active sleep phases featuring eye movements,
twitching, and, most notably, skin pattern changes and darkening [197, 198]. These skin texture
changes occur after a period of sleep-like activity and have no correlation with environmental
dangers, suggesting that, like REM twitches in mammals, they might be unintended byproducts

of brain restoration functions.

In summary, the presence of multiphasic sleep outside the chordate phylum suggests that sleep
states are evolutionarily conserved across diverse taxa. Comparative studies seeking similarities
often encounter challenges due to differing classifications, particularly as sleep in non-chordates
deviates from the REM and NREM EEG distinctions. However, given the substantial differ-
ences in brain structure and physiology across species, it is improbable that the descriptive
characteristics of sleep will be identical. Even within mammals, EEG data reflecting sleep
states can vary significantly [13]. It is important to recognise that the EEG signals associated
with sleep are mere correlates and are unlikely to be evolutionarily conserved. Thus, it may
be more appropriate to shift from classifying sleep based on electrophysiological criteria to an
approach centered on understanding the sleep patterns and behaviours exhibited by different

animals.

To further dissect the functions of these sleep states, we must examine their behavioural con-

texts—how they change under different conditions and how restriction impacts an animal’s
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fitness. To contribute to this understanding, this study will expand how sleep in the model or-
ganism Drosophila melanogaster is analysed, integrating free-living quantification of multiphasic
sleep in flies while retaining high-throughput experimental approaches. The next section will
introduce how behaviour can be used as a tool to understand the brain, and its applications

with Drosophila to understand cognition and sleep.
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Figure 1.5: Phylogenetic tree showing the distribution of sleep states across the an-
imal kingdom.

Sleep signals were classed as present if confirmed by brain activity monitoring. Where stud-
ied and not found the author of the study has declared the sleep signatures are not present.
Sleep behaviours include twitches of the appendages, rapid eye movement, antennal dropping,
changes in skin colour, ect. For well studied taxonomic groups, such as mammals and birds, a
representative species was chosen. Adapted from Rattenborg € Ungurean 2023. [14]
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1.3 Behaviour and Neuroscience

1.3.1 Context

Drosophila have a rich repertoire of behaviours that they use to navigate their natural envir-
onment that include, but not limited to flying, walking, mating, fighting, and feeding. Whilst
not the most socially complex compared to mammalian models or bees [199], these behaviours
are core mechanisms for many organisms in the world and can be explored to understand how

the brain and its circuitry control them [1].

1.3.2 Defining Behaviour

The definition of behaviour is a point of contention and varies by field [200, 201]. Debates often
arise around passive versus active interactions, cognitive extensions, and even comparisons to
computer programmes. For the purpose of this work, I will adhere to the definition of behaviour
as "an internally coordinated response of the whole organism to internal or external stimuli”
[200]. Behaviours can range from higher-order behaviours, such as courtship or feeding, which
may last for extended periods and repeat throughout the organism’s life, to sub-behaviours
like wing vibrations in courtship or leg movements during walking. Depending on the level of
resolution, these behavioural sequences may represent entire motifs of higher-order actions or

smaller-scale motifs. Regardless, they will be treated equivalently in context.

1.3.3 Behaviour to understand Neurobiology

Using the above definition of behaviour, we can begin to appreciate its importance in un-
derstanding neurobiology. Behaviour is the culmination of neural processing, translating and
combining incoming information with the internal state into observable actions. Despite ad-
vances in techniques to measure brain activity down to single neurons, we are still not much

closer to understanding how the brain generates behaviour [3, 202, 203]. A key reason for this
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is the brain’s inherent degeneracy, the ability for the same behaviour to arise from different
neural configurations [204] or for the same circuit to produce various behaviours [205, 206].
Application of neuroscientific ananlysis to microprocessors, such as generating a connectome
or lesion studies of causal effect, revealed they lacked any ability to describe the hierarchy of
information processing [207]. It therefore stands that observation alone, with no known ground

truth, may be severely limited.

Brain activity data is most informative when combined with well understood or simple beha-
viours. One example is flight; work by the Maimon lab has shown how neurons in the central
complex calculate heading and goal angles in Drosophila flight, where protocerebral bridge and
fan-shaped body neurons perform vector arithmetic to steer the fly [208, 209, 210]. These series
of papers demonstrate the power of utilising stereotyped behaviour to understand computa-
tion. Rather than only identify the circuitry that activates during the behaviour, they sought

to understand how it processed sensory input, how they organised behaviour.

Nevertheless, understanding brain function via behavioural observation alone remains power-
ful. Maimon et al.’s experiments are effective for studying reactive behaviours such as flight.
However, for these to work, the fly must be restrained, with a screen simulating flight direction
[211]. In doing so, they manipulate the fly’s entire umwelt, its unique sensory world capable of
influencing behaviour [212]. Yet, this approach compromises naturalistic behaviours and their
sequential patterns (Miller 2022). Some of the most significant breakthroughs in understanding

brain computations have come from free-living observational studies [3].

For example, Packard and McGaugh devised a T-maze for rats, allowing them to learn which
arm contained food (the right). After several days of learning, they reversed the maze [213].
Initially, the rats continued to turn right but eventually adjusted to turn left, illustrating a
shift in decision-making strategies from egocentric to allocentric. This experiment laid the
foundation for computational models that explore how animals process and learn from various

types of information, as well as how they transition between strategies [214].

Every run of the trial the rat was presented with the same umwelt, but its behavioural outcome

changed with time. What changed was its internal model of the world and how this processed
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the incoming information.

1.3.4 Behavioural States

The brain is in constant flux, and its hidden dynamics can often be captured through the
concept of internal states [215, 216]. Internal states act as a context within which the brain

processes stimuli, modulating the relationship between stimulus and behaviour [217, 218].

Internal states can be applied to all situations where the outcome is not a singular output.
Drosophila have varying valence to odours at different times or states, attracted to strong CO,
odours when in a state of flying and foraging [219, 220], and preferentially waking to food
based odours when asleep [221]. The act of walking or flying will also change the receptive gain
of neurons in the visual system, becoming more responsive and able to process higher image
speeds [211, 222]. Internal states, however, are not always overt; they may be inferred from
transitions between behavioural motifs, where an animal’s response is shaped by its previous

actions.

Calhoun et al. utilised unsupervised learning to identify internal states that could model the
changing behaviours during male courtship [223]. Their model uncovered three latent states,
which were able to predict moment-to-moment variations in song-patterning decisions. Further
investigation revealed two neurons that acted as state-switchers, governing transitions between

these internal states.

Sleep states, such as light sleep, deep sleep, REM, and NREM, are typically not classified
as internal states due to their specific and identifiable nature. However, they share similar-
ities with internal states in that they involve fluid transitions of states that alter the brain’s
processing of external stimuli, which are often reflected in the animal’s behavioural patterns.
Building on these similarities, this study aims to characterise internal states to predict sleep
states through two approaches: (1) by employing analytical methods similar to Calhoun et al.,
uncovering latent internal states that predict sleep states based on sequential behaviour, and

(2) by identifying specific behavioural poses that may serve as hallmarks of distinct sleep states.
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1.4 Drosophila: Background and behaviour

1.4.1 Context

Drosophila melanogaster has been a cornerstone of biological research since the pioneering
work of William Castle in 1901 [224] and his student Thomas Hunt Morgan, who first identi-
fied sex-linked genetic inheritance [225]. D. melanogaster has been instrumental in advancing
our understanding of genetics, neurocircuitry, and behaviour. Many developmental genes ini-
tially characterised in D. melanogaster have since been shown to be critical for all animal
development, including humans [226]. Whole genome sequencing of D. melanogaster in 2007,
revealed that approximately 60% of its genes are shared with mammals [227]. Although the
final architecture of a fly and human differ greatly at a cursory glance, our understanding of
both creatures genetics, building blocks, and engineering processes show they bear striking

resemblance, evidence of a conservation throughout evolution.

Ecology and life cycle

D. melanogaster are small flies, typically 2-3 mm in length, with females being slightly larger
than males [228]. Commonly referred to as ”fruit flies” or ”vinegar flies,” they are attracted to
fermented foods, such as rotting fruit, where they feed and lay eggs. As generalist feeders and
cosmopolitans, D. melanogaster thrive in a variety of environments, including urban settings
[229]. Originally native to sub-Saharan Africa, they have spread across the globe over the last
10,000 to 15,000 years [230, 231].

Like other dipterans, Drosophila undergo complete metamorphosis, passing through four dis-
tinct life stages. A female fly can lay up to 100 eggs per day, with the egg stage lasting about one
day [226, 232]. The larvae hatch and go through three instar stages over a five-day period (at
25°C), during which they feed and grow [233|. After reaching maturity, the larvae pupate and
undergo metamorphosis over four days, culminating in the sexually active adult fly. The entire

developmental process is controlled by pulses of the steroid hormone 20-hydroxyecdysone [234].
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While the larval stage focuses on growth and development in nutrient-rich environments, the
primary drive of the adult fly is reproduction. In laboratory conditions, the adult Drosophila

can live for up to 90 days, although this lifespan is shorter in the wild [235].

This rapid development, combined with the ease and low cost of maintaining Drosophila colon-

ies, has made it an invaluable model organism in biological research.

1.4.2 Drosophila Behaviours and their paradigms

Activity

One of the earliest behaviours measured in Drosophila was general activity, initially scored
manually and later automated using infrared (IR) beams. Each time a fly crossed an IR)
beam, the movement was recorded, eventually leading to the development of the Drosophila
Activity Monitoring (DAM) system [236]. DAM has been foundational in many significant

studies on circadian rhythms and sleep, which will be discussed further later [237].

With the advent of computational vision, more refined tools for measuring activity and cap-
turing detailed movements have emerged. Over the past 20 years, numerous machine vis-
ion hardware and software packages have been developed to automatically quantify activity
[238, 239, 240, 241, 242, 35, 243]. These tools typically employ variations of background sub-
traction to identify the fly’s centre of mass or utilise machine learning to recognise the fly’s

outline.

In this study, most of the work will be conducted using the ethoscope, a hardware/software com-
bination developed by the Gilestro group (Fig. 1.6.a) [244]. The ethoscope is a self-contained
behavioural tracker capable of housing up to 20 individual flies. Ground-truth experiments have
shown that its velocity resolution is sensitive enough to differentiate three behavioural states:
inactivity, micro-movements, and walking (see Methods). Furthermore, accessory modules have
been developed to investigate sleep deprivation and arousal, which will also be employed in this

study (Fig. 1.6.b&c).
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Figure 1.6: The ethoscope: an automated video behavioural tracking system and its
modules.

(a) The ethoscope is a Raspberry Pi powered automated fly tracker that can track in real-time
the movement behaviours of up to 20 flies. Flies are housed in individual tubes and illuminated
by IR light. (b) A schematic of the SD attachment module. Taking real-time input from the
ethoscope, the motors will spin the tube housing the fly when it is immobile for a user given
time. (c) A schematic of the odour delivery attachment module. Like the SD module the valve
is triggered in real time in response to an immobility criteria. Odours can be mixed with air to
deliver a puff that may awaken the fly. See the Methods for more details or these publications
for the ethoscope [244], SD module [53], and odour module [221]

Motor

Activity tracking has advanced to the point where multiple flies or animals can be monitored in
group-housed settings to explore social interactions and hierarchy [240, 245, 246]. Some systems
can even reconstruct the flies’ trajectories in 3D space [247] or create 3D reconstructions of their
limbs as they move through time [248, 249]. However, these more detailed setups are often
unique to specific laboratories. Over the past six years, user-friendly KeyPoint trackers such

as DeepLabCut [250], (S)LEAP [251, 252], and DeepPoseKit [253] have become more popular.
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These tools provide packaged software that allows researchers without computational expertise

to rapidly quantify fine behaviours such as limb movements.

Social Behaviours

Before automated tracking, social behaviours in Drosophila were manually scored. The two

primary social interactions are courtship and mating, and fighting.

Male flies initiate courtship with females by performing an elaborate ritual that involves ste-
reotyped movements and wing vibrations [240]. If successful, copulation follows. Courtship
behaviour has been widely used to study memory and learning [254, 255], behavioural trans-
itions [256, 223|, and the underlying neuronal circuitry [257, 258]. Male flies also engage in
aggressive interactions with other males to establish dominance, which influences access to
food, shelter, and mates [259]. Larger males are more likely to initiate and win fights, lead-
ing to higher reproductive success [260]. Aggression assays have been pivotal in identifying
genetic factors that influence aggression, such as the role of octopamine in reducing aggressive

behaviour when silenced [261, 240].

Feeding

Drosophila feed by extending their proboscis into food, exhibiting a proboscis extension reflex
in response to attractive stimuli [262]. This reflex has been key in studying the neural circuits
controlling feeding [262, 263]. Rapid proboscis extensions have also been observed during sleep
bouts, though their function remains unclear [264]. Automated tracking of feeding [265, 266]
has shown that neural circuits regulate food intake by modulating the likelihood and duration
of feeding bouts [267, 220, 265]. Differing responses to food under varying conditions has been
utilised to gain insight into internal states. Researchers have identified the neuronal circuitry
responsible for directing food choices based on factors such as satiety, mating status, and food

composition [268].
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Grooming

Drosophila groom themselves frequently, and can often be observed cleaning various parts of
their body while stationary. Grooming behaviour can be broken down into discrete clean-
ing movements [269], which vary depending on the stimulus and cleanliness of the fly [270].
When fully covered in dust, flies engage in a full cleaning sequence [271]. Seeds et al. utilised
this behaviour to develop a hierarchical model of motor movements, demonstrating how each
motor process suppresses or promotes the next in sequence. This is an excellent example of
how observable behaviours can be used to infer computational hierarchies in the brain. This
hierarchical control is surprisingly well conserved with no variation between sub-populations

202].

1.5 Sleep In Drosophila

Sleep is widely studied in Drosophila following seminal papers by Hendricks et al. and Shaw et
al., which established it as a model organism for sleep research. Much of what we know about
circadian and homeostatic sleep control has been uncovered in Drosophila, shedding light on

the neural circuits, neuromodulators, and environmental factors that influence sleep [272, 273].

1.5.1 Methods to Study Sleep and their findings
Activity monitoring

Hendricks et al. and Shaw et al. first identified long periods of immobility in fruit flies, postu-
lated as sleep, IR and ultrasound systems. They demonstrated that these bouts of inactivity
were governed by circadian and homeostatic factors, along with increased arousal thresholds and
rebound from sleep deprivation [274, 275]. Impressively, ultrasound recordings were matched

to IR activity with only a 2.35% false negative for capturing motion.

The packaged hardware IR system, DAM, is the main device used in fruit fly circadian and
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sleep studies due to its ease of use and historical prevalence [236]. DAM can log the movements
of up to 32 animals over long durations. Early models relied on just one IR beam with the
norm now four, although this has now increased to up to 17 in some cases. However, advances
in tracking have revealed that the beam cross systems were severely underestimating sleep due
to missed micro-movements or small bouts of walking [239, 244]. Newer tools like the ethoscope

have refined sleep measurements, showing variability across sex, age, mutants, and time of day.

Arousal

Early studies by Shaw and Hendricks found that flies inactive for five minutes or more were
less likely to respond to mechanical disturbances [275, 274, 190]. This led to the widespread
adoption of the ”five-minute rule” in sleep studies, which was later corroborated [71]. However,
this rule is not without limitations. Studies have shown that arousal likelihood decreases
gradually over time rather than being a binary response at the five-minute mark. The rate
at which flies fall asleep and their arousal thresholds can also vary in mutants and short-sleep
populations [35, 189, 264, 185]. Despite its limitations, the simplicity and scalability of the

five-minute rule have kept it in use.

Arousal is also used to assess how flies process sensory stimuli during sleep. Responses to
mechanical stimuli depend on both the intensity of the stimulus and the fly’s internal state
[122]. For example, food odours or aversive smells are more likely to wake a fly than neutral
ones, with starved flies being especially responsive to food-based odours [221]. An extension of

food choice internal state modulation observed in Munch et al. [268].

Sleep deprivation

Sleep deprivation (SD) refers to any reduction in sleep below an animal’s baseline level and
can be categorized into perturbation or suppression methods. SD studies mainly explore the

homeostatic response and the consequences of sleep loss.
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Perturbation

Sleep perturbation incorporates any method that induces sleep loss through unnatural means,

such as through mechanical, chemical, and genetic means.
Mechanical

Mechanical stimulation is often used due to its simplicity and effectiveness. Traditionally, non-
targeted systems, such as random shaking of the platform [276, 51], rotating and dropping
tubes [275, 274, 277], or vibration [278, 35] have been employed. However, these methods face
criticism for potential habituation or damage at higher speeds [244]. Targeted systems, such
as the ethoscope, apply stimuli only when individual flies stop moving. These methods have
shown that some observed consequences of sleep loss, like increased ROS accumulation [279] or

death [53], may stem from mechanical stress rather than sleep deprivation itself.

Despite these concerns, mechanical SD studies have demonstrated that flies exhibit a homeo-

static response, sleeping more deeply and for longer durations after the perturbation ends [35].
Chemically

SD can also be achieved through pharmacological activation of wake-promoting circuits. Drugs
like caffeine [280, 281] and methamphetamine are used to induce wakefulness, increasing move-
ment and reducing sleep during both day and night. Caffeine, for example, affects dopamine
signaling by targeting a cluster of dopaminergic neurons [280]. This results in a rebound effect

similar to that seen with mechanical SD [282, 283, 284].

However, as with untargeted mechanical SD, the analysis of drug-induced sleep loss is complic-

ated by the broad and varied effects of these drugs.
Genetic Activation

Wake-promoting circuits, such as dopaminergic neurons, can be activated using thermo- and
opto-genetic mutants [285, 51, 274]. This allows for highly targeted SD. Conversely, activating

inhibitory circuits, such as GABAergic neurons [43], can induce a deeper sleep.
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However, the degeneracy of neural circuits and potential off-target effects means that genetic
activation studies must be interpreted carefully to distinguish if the effects are due to SD or

from perturbing the whole system.

Suppression

Suppressive SD aims to prevent sleep through natural methods, with the goal of revealing

behavioural changes rooted in sleep’s evolutionary context.

Social

Social SD can be induced in two ways: (1) male-male interaction and (2) male-female interac-
tion. Introducing a male intruder reduces total sleep but does not eliminate it [148, 122]. This
sleep loss typically results in a rebound once the intruder is removed. In contrast, sleep rebound
is not observed in male-female interactions or when a sleep-deprived male is introduced to a

new female partner [122].

Starvation

Starved flies prioritise foraging over sleep, overriding both homeostatic and circadian drivers
[286, 287]. Sleep rebound is likely absent in starved flies [288, 281], although one unpub-
lished study suggests otherwise [286]. Brown et al. observed that, while total sleep remains
unchanged, starved flies show more consolidated sleep and longer bouts the following day,

potentially indicating a rebound effect [281].

Temperature and Light

High light intensity or temperatures reduce total sleep in flies [289]. However, since both are

strong zeitgebers of circadian rhythms, they are infrequently used in SD studies [272].
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Brain activity

While insects lack the complex brain structures found in mammals, birds, and reptiles that
produce EEG signatures of sleep [14], they possess a neuro-electrical cortex whose activity can
be measured. In quiescent flies, localised brain activity is reduced compared to wakefulness
[190, 290]. Emerging evidence also suggests the presence of sub-sleep states based on brain

activity [189, 278]. These aspects will be explored further in Chapter 4.

1.5.2 Mechanisms of Sleep

The mechanisms underlying sleep in Drosophila melanogaster exhibit striking similarities to
those in mammals. This section explores the specific drivers and regulators of sleep in fruit

flies.

Circadian

D. melanogaster, like many animals, have daily rhythms that occur approximately every 24
hours. In the lab this is typically entrained to a 12:12 hour light:dark rhythm that is character-
ised by increased activity around the light transitions (Fig. 1.7). In the absence of light, their
activity patterns persist but may drift over time. D. melanogaster sleeps during the day and

night, with the most consolidated sleep occurring between ZT12-15 [291] (Fig.1.7.b).

The molecular basis of the circadian rhythm was largely elucidated through studies in fruit
flies. Key genes involved in the circadian clock include period [292], timeless [293], Clock [294],
and cycle [295]. The circadian clock operates via a transcriptional feedback loop that aligns

with the animal’s circadian rhythm.

PERIOD and TIMELESS proteins accumulate during the day and inhibit their own mRNA
production, creating an autoregulatory loop. TIMELESS facilitates the delayed entry of these

proteins into the nucleus, where they interact with CLOCK and CYCLE to regulate their
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Figure 1.7: Circadian activity peaks and daily sleep in Drosophila.

(a) Representation of D. melanogaster daily activity in 1.5-hour bins with the evening and
morning anticipatory peaks. (b) Sleep profile of a male D.melanogaster over a 24 hour day
with 12:12 light:dark conditions. Flies preferentially sleep during the midday siesta and during
the early night, ZT13-16. D.melanogaster are diurnal animals that preferentially sleep more
during the night than the day.

own mRNA levels [296, 297, 298]. This delayed interaction is crucial for maintaining the

approximately 24-hour cycle [291].

In the fly brain, approximately 150 neurons house the core molecular clock, analogous to the
mammalian suprachiasmatic nuclei . These neurons are divided into dorsal and lateral groups,

each with sub-groups, and their core molecular clocks remain synchronised [299, 300].
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Homeostatic

Homeostatic control of sleep in Drosophila melanogaster is well established, but as demonstrated
in SD experiments, compensatory mechanisms are context-dependent and likely involve different
circuitry [122]. Chronic activation of three wake-promoting neurotransmitter systems only
induced sleep rebound in the cholinergic neurons, suggesting that sleep loss and sleep drive are
not inherently linked and require specific pathways for sleep rebound [285]. The evolutionary
rationale for this context-dependent recovery remains unclear, with no current explanation for

the variability in functional responses to sleep deprivation.

While the two-process model of sleep regulation is often studied independently, integrated mod-
els using Drosophila sleep data reveal a strong coupling between these processes [301]. Modelling
both processes together allows for a more comprehensive understanding of how changes in one
process affect the overall sleep pattern. For example, the model remained unaffected by sleep
loss of less than 30 minutes, indicating that longer sleep bouts drive the patterning and rigidity

of sleep, which may be linked to different sleep states.

1.5.3 Determinants of Sleep

Sleep in D. melanogaster, like in mammals, is influenced by a complex interplay between genetics

and environmental factors. Key determinants include:

Age

In Drosophila, sleep patterns change throughout the lifespan. Young flies exhibit greater sleep
depth and total sleep, which diminishes with age, leading to more fragmented sleep bouts
[302, 303]. Juvenile sleep occurs primarily in the first 3 days before transitioning to adult sleep
patterns, coinciding with sexual maturation. Early differences in sleep patterns are though to

be linked to developmental and learning processes [303, 80].
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Sex

Virgin males and females show similar sleep amounts and structures [304]. However, mated
females shift their behaviours to optimise egg laying, such as dietary changes and increased
exploration, resulting in a significant decrease in sleep driven by the male sex peptide, without
a corresponding loss in fitness [305, 306, 124]. Mated females may also experience shortened

lifespans [307].

Diet

Food availability and composition impact sleep. Starvation reduces sleep without recovery
[281, 288]. High-protein diets promote deeper sleep post-feeding, a phenomenon observed across
various species [308, 309]. Conversely, increased dietary yeast and sucrose decrease sleep in

males [310].

Genetics

D.melanogaster has a high variance in sleep total amongst the wild type population [53]. This is
likely internally driven by uncontrolled genetic variation and stochastic development. Selective
breeding for short- and long-sleeping lines can result in a 10 hour difference in average sleep

without affecting fitness or lifespan [311].

Mutagenesis screens have identified several mutants with abnormal sleep patterns, including,
but not exclusively, the following. Shaker: A point mutation in a potassium channel gene results
in only 3-4 hours of sleep and no rebound after sleep deprivation [312]. While it has no fitness
loss, it does have a shortened lifespan. Sleepless: This mutant lacks the SLEEPLESS protein,
leading to an 80% reduction in sleep and a shortened lifespan, but it does show rebound after
sleep deprivation [302]. Fumin: Hyperactive due to lesions in the dopamine transporter gene,

this mutant shows reduced sleep rebound [313].
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These mutants highlight the variability and complexity of sleep regulation in Drosophila, re-

flecting the intricate balance between wake-promoting and sleep-promoting mechanisms.

1.6 Summary and Aims of this Work

The current literature on sleep presents a complex and often contradictory picture, with some
sources emphasising its critical importance while others downplay it, depending on their per-

spective.

To gain a comprehensive understanding of sleep, it is essential to examine it across a range of
animal species. From the elephant, which sleeps only two hours a day [99], to small insects
that sleep intermittently throughout the day [314], it is evident that sleep is a widespread
phenomenon with evolutionary significance. However, its precise nature remains elusive across

the animal kingdom.

Emerging evidence suggests that multiphasic sleep, previously thought to be exclusive to mam-
mals and birds, is likely present across many animal species. Investigating these phases could

provide insights into the fundamental functions of sleep, if such phases indeed exist.

D. melanogaster has become a key model organism in sleep research. However, findings from
D. melanogaster studies have sometimes struggled to translate to human sleep due to a lack of
detailed understanding of the internal sleep architecture. Recent literature suggests that there

are substructures in fly sleep that may be analogous to mammalian sleep [189, 278, 301].

Obtaining sleep data from fruit flies is an invasive and time-consuming process, as it often
requires restraining the flies and limiting their normal behaviour. Despite this, Drosophila
remains a valuable model due to its ease of use and high-throughput capabilities. To make
the latest findings from fruit fly research more accessible and impactful, we need to address
two key challenges: first, developing methods to approximate different sleep stages similar to
the 5-minute rule to facilitate broader adoption; and second, creating self-contained analysis

systems to assist users in generating meaningful and impactful results.
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This study aims to address both of these challenges.

1.6.1 Aims and Objectives

e Generate a software framework to aid and expand the analytical toolbox that Drosophila

sleep researchers can use

e Find behavioural correlates of sleep using non-invasive, free living methods

e Further investigate if multiphasic sleep can be inferred from behavioural correlates



Chapter 2

Material and Methods

2.1 Animals

2.1.1 Fly Maintenance and Handling

Flies were reared in grouped housed vials on standard yeast-based media (As a percentage
of HyO: 10% brewer’s yeast — Whole Foods Market, 8% fructose — Whole Foods Market, 2%
polenta — Whole Foods Market, 0.75% - proprionic acid — Sigma Aldrich, & 0.5% of 15% nipagin
in EtOH — Sigma Aldrich). All flies were kept at 25°C' in an incubator (LMS Cooled Incubator
— Model 400NP) with a 12:12 light:dark, 24 hour light cycle.

For all experiments flies were mildly anaesthetised with CO before being placed in their arena.
In both the ethoscope and high definition (HD) arena the space also contained food that is the

same as the housed food.

2.1.2 Species Stock

The Drosophila species used in this study were primarily obtained from the National Drosophila
Species Stock Center (NDSSC, Cornell University, USA) and were kindly provided to us by

Lucia Prieto-Godino (Francis Crick Institute, UK). The D. melanogaster lab strains used were

43
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Canton-S CS (originally from Ralf Stanewsky - Miinster University, Germany). Wild-caught
D. melanogaster strains were a gift to the Gilestro laboratory from Darren Obbard (University
of Edinburgh, UK). The non-melanogaster fly strains included: D. simulans, D. sechellia, D.
erecta, D. yakuba, D. willistoni, and D. wvirilis. Information regarding the wild-type flies and

their original collection regions is available in Table 2.1.

Drosophila Code Source Collection Re-
Species gion
D.melanogaster Canton-S Ralf Canton, USA
lab strain Stanewsky
D.melanogaster Wild Darren Edinburgh, UK
wild strain caught #4 Obbard
D.simulans 14021- NDSSC Cape Town,
0251.254 South Africa
#60
D.sechellia 14021- NDSSC Cousin island,
0251.254 Seychelles
#60
D.erecta 14021- NDSSC Unknown
0224.01
#11
D.yakuba 14021- NDSSC Liberia
0261.01
#5
D.unllistons 14030- NDSSC Guadalupe
0811.24 Island,
#1 Caribbean
D.virilis 15010- NDSSC Unknown
1051.87
#9

Table 2.1: The Drosophila species and their collection sites.
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2.2 Ethoscope

All data used in Chapters 3-5 was generated using the ethoscope, an automated video tracking
system developed in the Gilestro Laboratory at Imperial College London [244]. The ethoscope
monitors fly movement in real-time and consists of two main components: an upper compart-
ment housing a Raspberry Pi computer and an infrared camera, and a lower compartment
where experiments take place. The upper compartment’s camera tracks the flies’ movements,
while the lower section, equipped with infrared light for dark-phase tracking, can be custom-
ised with different arenas depending on experimental requirements. These compartments are

separated by laser-cut acrylic walls, approximately 10 cm high (Fig. 1.5.a).

The ethoscope system is entirely open source, with both the software and hardware running on
a version of the GNU/Linux operating system. Since its inception, the system has undergone

numerous iterative upgrades to improve functionality and ease of use.

It’s worth noting that the historical dataset used to train the HMM from Geissmann et al. [53]
utilised a Raspberry Pi 2 and a PiNoIR V1 camera, whereas the apple cider vinegar (ACV)

and Air datasets employed the more advanced Raspberry Pi 3 B and PiNoIR V2 camera.

The ethoscope APIs were implemented using the Python programming language. Further tech-
nical details can be found in the original publication [244] or the lab website (https://lab.gilest.ro/)

or on GitHub (https://github.com/gilestrolab/ethoscope - dev branch).

2.2.1 Ethoscope Data Generation

resolution of The ethoscope captures images as a resolution of up to 1,920 x 1,080 pixels, at
30 frames per second. From these images, in real-time, machine vision software generates an
ellipse around multiple fruit flies housed in the machine, see ethoscope paper for more details
[244]. The tracked ellipse metrics are tracked and stored at approximately 1-4 Hz. Data
is later retrieved post experimentation and processed using the software ethoscopy (Python)

[315]. Variables such as t, x, y, w, h, phi, and distance (mm) are generated in real time (Fig.
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2.1). Additional metrics like velocity and behavioural states (immobile, micro-movements, and
walking) are computed when the data is retrieved. For more details, refer to Chapter 5 or Table

2.2, which provides a breakdown of each variable and its calculation method.

odour 0 1
tube food

Figure 2.1: Visual representation of the variables tracked by the ethoscope.

(a) A still image from the ethoscope as it tracks in real-time. The green boxes are the regions
of interest (ROI) in which the fly can be tracked with boundaries of 0-1 in both the width
and height per fly. (b) The fly is tracked via a red ellipse around the fly. Of this ellipse the
width (W - blue) and height (H - teal) are recorded, as well as the angle of H to the lower ROI
boundary (phi - purple). ¢ A schematic of the ROI and the tube housing the fly. X (red) and
Y (orange) are the coordinates of the centroid of the ellipse in relation of its space in the ROL.

2.3 Hidden Markov Model

2.3.1 Data Curation

Fly movement data used for model training was sourced from historical datasets recorded in
the Gilestro lab group, specifically using CS male flies under 12:12 light-dark conditions. The

data primarily consisted of baseline sleep information from Geissmann et al., 2019 [53].

The dataset was processed with each row representing 60 seconds of recordings. Maximum velo-

city per 60 seconds was used to label whether the fly was immobile or moving. The dataset was
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Variable

Description

Generation

The time in seconds post first
lights on

Generated in real time to the
microsecond

The location on the x-axis of
the centroid of the ellipse that
was generated around the fly

Generated in real time on a
scale of 0 — 1 based on the ROI.
For Chapter 5, per fly, outliers
are removed and forward filled,
and values rescaled to between
0 and 1

The width of the ellipse that is
generated around the fly

Generated in real time as a
value of the width (pixels) of
the ellipse. For Chapter 5, per
fly, outliers are removed and
forward filled, and values are
rescaled to between 0 and 1

The height of the ellipse that
is generated around the fly

Same as above

phi

The angle of the center of the
ellipse to the bottom (lower x-
axis) of the tracked region

Generated in real-time as a
value between 0 — 180 that in-
dicates the angle of w against
the lower boundary of the ROL.
For Chapter 5 values are re-
structured to 0-90 to reflect
either horizontal or vertical po-
sition

distance

The difference (millimeters) in
the coordinates of the centroid
each time stamp, measured in
millimeters

Generated by subtracting the
sub-pixel centers of mass which
are used to define the position
of each animal

Table 2.2: The variables generated in real time by the ethoscope. As used in Chapter 5.
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Variable

Description

Generation

velocity

A modified velocity value at
each time point. The max ve-
locity per time period is used
to label the below behavioural
movements as per Geissmann
et al. ground truth experi-
ments [244]

Velocity is calculated as dis-
tance / time (mm.s71'). Tt
is subsequently modified by a
correction coefficient to main-
tain consistent values across
varying FPS [316]. The velo-
city correction coefficient var-
ies per tube / region size.
Short tube (20) experiments =
0.003, and long tube (10) ex-
periments = 0.0015. As such,
velocity values are given as
augmented units (a.u.)

inactive

The values of the corrected ve-
locity that correspond to the
fly being still with no micro-
movements

0 < velocity < 1

micro
move-
ments

The values of the correc-
ted velocity that correspond
to the fly performing micro-
movements, e.g.  grooming,

egg laying

1 < velocity < 2.5

walking

The values of the corrected ve-
locity that correspond to the
fly walking

velocity > 2.5

Table 2.3: The variables generated post experiment in ethoscopy. As used to label movement

and behaviours.
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then trimmed to include only movement data prior to any experimental manipulations and lim-
ited to the first day. Dead flies were identified and excluded using the curate_dead_animals
method in ethoscopy, which detects extended periods of immobility. Additionally, any flies with
fewer than 3.5 days (~=5000 data points) of movement data were excluded. For model training,
behavioural values were encoded as follows: in the two-state model, immobile = 0 and moving

= 1; in the three-state model, immobile = 0, micro-movements = 1, and walking = 2.

2.3.2 Training

The training process utilised an ethoscopy method that wraps a categorical HMM object from
the hmmlearn Python package [317]. Each model presented in Chapter 2 was divided into
a 90% training set and a 10% test set. The training data were used to train a new HMM
instance 100 times per model architecture. Transition probabilities not fixed at 0 (indicat-
ing impossible transitions) were randomised in each instance to avoid the model converging
on a local minimum (Winters-Hilt 2006). During training, the start, transition, and emission
probabilities were iteratively updated until the tolerance dropped below 5, or the model com-
pleted 100 iterations. This iterative process was conducted using the Baum-Welch variant of
the Expectation-Maximisation algorithm [318] in Ammlearn. Once the model had converged or
reached 100 iterations, the score method from hmmlearn was used to generate a log-likelihood
probability on the test dataset. If this score surpassed the previous best model, it replaced the

older model. For full transition and emission probabilities, refer to Appendices Table A.1-2.

2.3.3 Scoring Models

Where the architecture was labelled ”Wiggin,” it directly replicated the HMM architecture from
Wiggin et al. [319]. The architecture referred to as ”Tainton-Heap” was designed to reflect

sleep states described in Tainton-Heap et al. [278]. Other models followed no prior literature.

Models were scored using internal methods from hmmlearn, including log-likelihood [320],

Akaike Information Criterion [321], and Bayesian Information Criterion [322].
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2.3.4 Decoding Datasets

All datasets were decoded using trained models specific to the species and sex of the fly. Decod-
ing into states was performed using the Viterbi algorithm [323] in hmmlearn. For a four-state
model, the hidden states were encoded as follows: ”deep sleep” = 0, "light sleep” = 1, "quiet

awake” = 2, "active awake” = 3.

2.4 Odour Response Experiments

Odour response experiments utilised an additional module called the Air Gas Odour Delivery
Module (AGO), solenoid variant. The AGO consists of 10 solenoid valves controlled by an

Arduino Nano board, which receives real-time input from the Ethoscope’s Raspberry Pi.

For these experiments, two odours were used: 10% ACV — Aspall Organic Cider Vinegar
(diluted in milliQ H20), and air (control) — milliQ H20. The odourants were stored in glass
bubblers during the experiment. Air was pumped through the bubblers by a Tetra agaurium
pump, with the incoming air first passing through an activated charcoal filter to deodorise it.
Airflow was regulated using a Brooks Instrument MR3000 variable area flow meter at a rate
of 1.6 L/min before being passed through the odourant. Plastic tubing connected the glass
bubbler to a 10-way splitter inside the AGO, which then directed air through solenoid valves.
Smaller plastic tubing linked each valve to a metal tube (35 mm long, 4 mm diameter) that
was partially inserted into the glass tube housing the fly. A small amount of cotton wool was

inserted between the metal tube and the fly to prevent direct interaction.

All experiments were conducted in an incubator (LMS Cooled Incubator — Model 240NP) at
25°C, with 50-70% humidity, under a 12:12 light-dark cycle. Flies aged 4-7 days were used. The
arousal threshold, or response rate, was assessed after one day of baseline activity recording.
The ethoscopes were programmed to deliver the odour puff after a predefined period of inactivity
(ST) and with a predefined probability factor (P). In the experiments validating the HMM in

Chapter 2, both 10% ACV and air were tested with conditions set to ST = 30 seconds and P
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= 10%. For the experiments involving Drosophilids, conditions were set to either ST = 30 or
150 seconds, and P = 10% or 50%. Both combinations were used to cover a full spectrum of
responses per minute per HMM state, allowing efficient data collection when fewer experiments

could be run.

Responses were calculated automatically using the stimulus_response function when loading the
dataset. A positive response to a puff was recorded if the fly moved within 10 seconds after
the puff, including micro-movements. When inactivity triggers a chance for puff deployment
but the probability factor denied it, the event was logged as a mock stimulus, and the same
analysis was applied. This generated the ”spontaneous movement” group. For response plots
involving the HMM, movement data was binned into 60-second intervals and decoded. The
decoded dataset was then matched with the response dataset using timestamps and ID. Since
any positive response would change the predicted state to an "awake” state, the preceding

minute’s state was used as the label for the analysis.

2.5 Sleep Deprivation Experiments

Sleep deprivation was achieved by manually rotating the tube housing the fly within the etho-
scope using the optomotor module [244]. The optomotor module is an accessory to the etho-
scope, containing 10 motor devices positioned beneath half of the 20 tubes, allowing targeted
sleep deprivation based on real-time tracking. When a fly remained immobile for more than 30
seconds, the motor for that tube was triggered by the ethoscope software. The motor rotated
the tube at approximately 400 rpm for 3 seconds, causing it to spin several times and wake the

fly, as demonstrated in Geissmann et al., 2019 [53].

Flies were given one baseline day of normal sleep before undergoing sleep deprivation from ZT0
to ZT24 (24 hours). Following the deprivation period, the activity sequence between ZT0-3

was used to quantify sleep, with data decoded using the appropriate HMM.
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2.6 Time Series Analysis

For each dataset used in Chapter 5, data was summarised at 10-second intervals. When multiple
timestamps occurred within 60 seconds, the mean was calculated for each variable, except for
velocity, where both the mean and maximum values were determined. Data was filtered to
include only time points during light periods (12 hours per day) due to variations in ellipse

recordings when tracking switched to infrared light.

For Figure 5.4, bouts of immobility were identified by counting runs of inactivity lasting between
5 and 20 minutes. Bouts with fewer than 31 datapoints (for a 5-minute duration) were excluded.
The first and second-to-last datapoints in each bout were used to calculate start and end
values for each variable, to avoid responses changing the values. For Figure 5.5, the datapoint

immediately before a puff was used to calculate responses for each variable.

2.7 Machine Learning

Two curated datasets were used for machine learning: one for predicting the response to a puff
(ACV dataset) and another for HMM state classification (Geissmann et al. 2019 dataset).
For the puff response dataset, runs of immobility lasting 5-9 minutes were isolated, and low-
data-point series were removed. Only the last 4 minutes of each bout was retained to ensure
uniformity across time series. For HMM prediction, bouts of 8 minutes of predicted deep sleep
and light sleep were used. This length was chosen to balance sample size with consistency, as

variations in bout length were found to bias the Catch22 analysis.

The null model scores were generated by running the model 100 times with different test-train
splits. Accuracy scores were recorded, and the same split labels were shuffled to train and score

new instances of the model with identical parameters.
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2.7.1 Dynamic Time Warping

Dynamic Time Warping (DTW) was implemented using the Python package sequentia [324].
The DTW algorithm acted as the distance metric for a K-nearest neighbour classifier. For each
plot, the number of neighbours was set to \/TN, where N is the total number of time series in
the training subset. Various combinations of variables were tested, with the best-performing
models presented in Chapter 5. When multiple variables were used, the DTW distance was

calculated separately for each variable.

To reduce label bias, the dataset was curated to include an equal number of time series for each
label, based on the smallest group. The data was split 80% for training and 20% for testing,

with stratified sampling to ensure equal label distribution.

2.7.2 Catch-22

The Catch-22 algorithm suite was applied to three variables: mean velocity, area of the ellipse,
and phi. This generated 66 features (3 x 22) per 8-minute time series. The name and description
of each feature can be seen in Table 2.3 which was reproduced from Table 1 of Lubba et al.
[325]. Equal numbers of each label were analysed, and features with more than 5% missing
(NaN) values were removed. Likewise, any time series with more than 5% missing values were

excluded.

For classification, the dataset was split 70% for training and 30% for testing. The MinMazx-
Scaler from sklearn [326] was applied to normalise the data. A range of classifiers (random
forest, support vector machines, and gradient boosting) was used, and the best-performing
model was selected for Figures 5.7-8. A parameter grid search was conducted to find the

optimal settings for each classifier, and these were used to generate the null model plots.
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Feature Name Description Category

DN _HistogramMode_5 Mode of z-scored distribution Distribution
(5-bin histogram)

DN _HistogramMode_10 Mode of z-scored distribution Distribution

(10-bin histogram)

SB_BinaryStats_

mean_longstretchl

Longest period of consecutive

values above the mean

Simple tem-

poral statistics

DN _OutlierInclude_
p-001_mdrmd

Time intervals between suc-
cessive extreme events above

the mean

Simple tem-

poral statistics

DN _OutlierInclude_
n_001_mdrmd

Time intervals between suc-
cessive extreme events above

the mean

Simple  tem-

poral statistics

CO_flecac

First 1 / e crossing of autocor-

relation function

Linear autocor-

relation

CO_FirstMin_ac

First minimum of autocorrela-

tion function

Linear autocor-

relation

SP_Summaries_welch_

rect_area_b_1

Total power in lowest fifth
of frequencies in the Fourier

power spectrum

Linear autocor-

relation

SP_Summaries_welch_

rect_centroid

Centroid of the Fourier power

spectrum

Linear autocor-

relation

Continued on next page
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Table 2.4 — continued from previous page

Feature Name Description Category
FC_LocalSimple_ Mean error from a rolling 3- Linear autocor-
meand_stderr sample mean forecasting relation
CO_trev_1_num Time-reversibility statistic Nonlinear auto-
(w1 — )3t correlation
CO_HistogramAMI_ Automutual information: Nonlinear auto-
even_2_5 m=2,T=25 correlation
IN_AutoMutual First minimum of the automu- Nonlinear auto-
InfoStats_40_gaussian tual information function correlation
_fmmi
MD _hrv_classic_pnn40 Proportion of successive differ- Successive
ences exceeding 0.040 [327] differences
SB_BinaryStats_ Longest period of successive Successive
diff longstretch0 incremental decreases differences
SB_MotifThree_ Shannon entropy of two suc- Successive
quantile_hh cessive letters in equiprobable differences

3-letter symbolization

FC_LocalSimple_

meanl_tauresrat

Change in correlation length Successive

after iterative differencing differences

Continued on next page
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Table 2.4 — continued from previous page

Feature Name Description Category
CO_Embed2_Dist_ Exponential fit to successive Successive
tau_d_expfit_meandiff distances in 2-d embedding differences
space
SC_FluctAnal 2_ Proportion of slower timescale Fluctuation
dfa_50_1_2 fluctuations that scale with Analysis
logi_prop_rl DFA (50% sampling)
SC_FluctAnal 2_ Proportion of slower timescale Fluctuation
rsrangefit_50_1 fluctuations that scale with lin- Analysis
_logi_prop_rl early rescaled range fits
SB_TransitionMatrix_ Trace of covariance of trans- Others
3ac_sumdiagcov ition matrix between symbols
in 3-letter alphabet
PD_PeriodicityWang_ Periodicity measure of Wang

th0_01

et al. 2007 [328]

Others “

Table 2.4: Catch-22 features and their descriptions.
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2.8 High definition videos

2.8.1 Video capture

HD videos were captured using a Raspberry Pi 3 model B+ combined with a Raspberry Pi
High Quality Camera (12.3-megapixel Sony IMX477 sensor) equipped with a 16mm telephoto
lens. The camera’s pre-installed infrared (IR) filter was manually removed to allow exclusive
capture in IR light. An IR bandpass filter was applied to the lens, ensuring only IR light was
recorded. Both the front and back of the arena housing the fly were illuminated by IR light

strips (see Figure 6.1 for the setup).

Custom-designed 3D-printed PLA structures were used to hold the camera, lens, and fly arena.
The arena space measured 11 mm (width) x 1.8 mm (height) x 2.5 mm (depth) on both floors,
and was sealed with a 1 mm thick glass slip. The rear wall, approximately 0.38 mm thick,

allowed IR light to pass through. 3D models of the setup are available upon request.

Videos were recorded using the libcamera-vid software provided with Raspbian (Raspberry Pi

OS), captured continuously over a 24-hour period. Specifications can be found in Table 2.4.

libcamera-vid Argument

parameter

framerate 38

mode (resolution) 2028:1520

bitrate 20 000 000

contrast 2

tuning-file imx477 noir  (compensates
for no IR filter)

Table 2.5: Parameters and the arguments used when calling the video function libcamera-vid
to capture HD videos.
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2.8.2 Video Curation

Each 24-hour recording was split into 1-hour segments. Videos recorded after the fly had either
died or become trapped were manually excluded. The remaining videos were automatically
segmented into shorter clips based on periods of immobility or activity. Bouts of inactivity less

than 3 minutes were discarded.

This segmentation was performed using Python and the OpenCV library [329]. For each fly,
batches of frames totaling 5 seconds (570 frames at 38 fps) were processed. Frames were
converted to grayscale and smoothed using Gaussian blur. The absolute difference between
consecutive frames was calculated and areas with changes above a threshold of 30 were set to
a maximum value of 255 (white). The image was then dilated, and contours of movement were
detected. If more than 105 contours (7 per second) exceeded a score of 1500 (arbitrary unit of
difference in contours), the batch was labeled as moving. Consecutive immobile batches were

combined until movement occurred, and the same process applied to activity sequences.

Threshold values from above were chosen after analysing multiple behaviours to exclude small
movements, such as grooming, while retaining significant postural changes, proboscis extension,
and anal extension. Despite this, some videos contained minor movements and were manually

reviewed and edited to remove wake activities.

2.8.3 Manual Behaviour Categorisation

Selected videos were manually categorised into four behavioural groups based upon the following
visual observation (Fig. 2.2):
e Full Prone: The fly’s abdomen, thorax, and head were lowered to the surface

e Part Prone: Only the abdomen was lowered, while the thorax and head remained

relatively still

e Rise: The fly extended its legs, increasing the distance between its body and the surface,

often accompanied by a lowered abdomen
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e No change: No visible movement and the fly was not already in one of the previously

described postures

2.8.4 SLEAP and keypoint analysis

Model training

SLEAP software [252] was installed and executed on a remote virtual machine running Ubuntu,
equipped with an NVIDIA T4 GPU. Individual models were trained for each fly, with the head,
body, and abdomen labeled on 40 to 60 frames (Fig. 6.2). Training was conducted using the
multi-animal bottom-up pipeline, with a maximum of one instance per frame. The default
model parameters were employed, allowing for iteration until no significant improvement was

observed or 100 epochs had been completed.

Once trained, the model was prompted to predict 20 frames in an unlabeled video. Predictions
were manually inspected for obvious errors, which were corrected and used for re-training.
When the desired accuracy was achieved, the model was applied to predict all frames across all

videos, and the resulting predictions were saved as HDF'5 files and exported to a local machine.

Head ).( Body ® Abdomen

base of the wing)

(center of the eye

Figure 2.2: Diagram of the keypoint label locations and subsequent calculations.
Labelling guide for the three keypoints. The head (orange) keypoint was placed in the center of
the eye. The body (red) keypoint was placed at the base of the wing. The abdomen (green) was
placed at the center of the end of the abdomen (terminalia). In white are the notation labels
for the calculated metrics such as length of sides. See the section below: Keypoint curataion
and analysis
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Keypoint curataion and analysis

SLEAP predicts keypoints locations giving the user (x, y) coordinates given the size of the
image (fig. 2.2). As videos were setup in a uniform manner, it assumed that differences in
keypoint locations values are comparable. The predicted keypoint locations were augmented
to fit the ethoscopy data format. During loading a rolling mean (76) was applied to each (x,
y) coordinate per keypoint, per individual. Only the first 70% of the tracking was retained to

standardise ensure the end of the time series was during the sleep bout.

Several metrics were calculated using the keypoint (x, y) coordinates. Their descriptions and

equations are as so:

Size of angle at each keypoint (Figure 6.4 ):

e Distance between points (also used in Figure 6.5.b:

A=A =B+ (4, By

e Length of sides:

0= /(B — Co)? + (B, - C,)?

b= (A= C 4 (4, -

c= (A~ By + (4, - B,

e Angle calculation:
a’+c* =0

Bnae = arccos
g 2ac

e Convert to degrees:

1
B°® = Bangie 180
T

Centroid of the fly (Figure 6.5.a):
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o Centroid calculation:

centroid, = ————=
3
A, + B, +C,
centroid, = %

Changes in Y-coordinate (Figure 6.6):

e Absolute difference to t0:

Yn = [V1 — Y1, Y2 — Y1, Y3 — Y1, s Yn — Y1

2.9 Statistics, data collection and visualisation

All ethoscope data were analysed using ethoscopy, which utilises Python. Additionally, keypoint
data from SLEAP analysis were augmented to fit the ethoscopy structure. Ethoscopy over time
and quantification plots (e.g. Fig. 4.4.a&b, Fig. 5.5, and Fig. 6.4) display the mean and 95%
confidence intervals (CI), which were bootstrapped using 1,000 resamples. Visualisations in
ethoscopy were generated using a combination of plotly [330], seaborn [331], and matplotlib [332],

with the latter two used for non-ethoscopy plots, such as distributions, t-SNE, and histograms.

Statistical comparisons are indicated in the figures as follows: * = p-value < 0.05, ** = p-
value < 0.01, and *** = p-value < 0.001 for comparisons between two groups. For multiple
groups, significance was indicated with letters to denote significance levels. The Kruskal-Wallis

nonparametric test was employed, with Dunn’s post hoc testing for inter-group comparisons.

In Figures 4.4.c and 5.5, significance testing was supplemented with DABEST estimation stat-
istics [333]. Bootstrapped distributions of the effect size difference are plotted against a chosen

control or average.

Data for training the HMM were collected by Dr Quentin Geissmann, as previously indicated.

All subsequent data were collected solely by the author, except for the Drosophila species data
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in Figures 4.7 and 4.8, which were gathered in collaboration with Dr Michaela Joyce and are

also found in Joyce et al. [334]. All analyses were conducted by the author.



Chapter 3

Ethoscopy: An open-source

behavioural analysis toolbox

3.1 Rationale

Activity monitoring systems like the ethoscope enable researchers to continuously track model
organisms over long periods, often generating large and multidimensional datasets that span
days or even weeks [244, 335, 239, 241]. This transition from conventional behavioural studies
to ethomics, a term coined for the analysis of large-scale behavioural data [336], can pose
challenges for traditional biologists seeking to extract meaningful insights from their data. In
response, open-source analysis tools have been developed alongside these platforms to help

researchers unlock the full potential of their data [337].

One such tool, developed specifically for the ethoscope, is rethomics—a suite of R packages
designed to facilitate the analysis of behavioural time series data. Rethomics functions as
a ’bottom-up’ toolbox that builds upon existing R packages, tailoring them for the analysis
and visualisation of activity data. With its well-documented tutorial, rethomics guides users
from data extraction to advanced plotting with tools like ggplot2 [335, 338]. However, like
many open-source projects, rethomics has suffered from a decline in active development as its

creators have moved on, resulting in a tool that struggles to keep pace with the rapid changes

63
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in software ecosystems and emerging scientific needs.

While R boasts a vast repository of packages catering to the diverse needs of data scientists, its
strength is somewhat marred by a lack of conceptual coherence. Its amalgamation of syntax
and data structure designs, stemming from its origin as a statistical playground rather than
a software development language, often perplexes beginners transitioning between different
packages. Despite these challenges, R has retained its status as a powerful language for those
experienced enough to navigate its complexities, thanks to its flexibility and the depth of its

resources.

Python contrasts sharply with R in that it was designed as a software development language
from the ground up, featuring a cohesive syntax and intuitive data structures. While this
strong foundation gives Python significant advantages in flexibility and ease of use, its early
adoption in data science and research lagged due to the lack of a dynamic environment for live
data exploration. Early tools like IPython (which eventually evolved into Jupyter) were still
underdeveloped, and visualisation options were largely limited to matplotlib, which fell short in

many areas when compared to R’s ggplot.

However, over the last decade, Python’s popularity has surged, particularly among beginners,
thanks to its intuitive syntax and growing ecosystem. This growth was fueled by the develop-
ment of robust data science libraries such as numpy [339] and pandas [340] for data manipula-
tion, SciPy for scientific computing [326], and seaborn [331] and plotly [330] for visualization,
which adopted principles from the ”Grammar of Graphics,” similar to ggplot in R [338, 341].
The rise of machine learning as a dominant force in research and industry has further cemented
Python’s status, with powerful libraries like tensorflow [342], pytorch [343], and scikit-learn
[326] offering seamless integration for both academic and applied projects. As a result, Python
has become the go-to tool for behavioral scientists and ethomics researchers alike, providing a

versatile environment that can easily accommodate the demands of modern data science.

In this section, I will introduce ethoscopy, an advanced data analysis toolbox developed in
Python. FEthoscopy is more than just a rethomics equivalent in a more accessible language; it

represents an evolution, incorporating novel functionalities and methodologies aligned with cur-
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rent advances in sleep and circadian rhythm research. Furthermore, ethoscopy serves as an entry
point into the expansive machine learning ecosystem. This section will begin by examining how
ethoscopy improves upon the accessibility challenges faced by rethomics. 1 will then provide an
overview of ethoscopy’s structure and key features, before diving into behavior-specific analysis
tools designed for circadian rhythm and hidden Markov models (HMM) investigations. Finally,
I will showcase how ethoscopy bridges the gap between conventional analysis and machine

learning applications, empowering researchers with cutting-edge tools for behavioural study.

3.2 Improving accessibility

Researchers can often be reluctant to share their code, concerned that it may be poorly written
or only superficially understood, pieced together from scripts they have gathered online [344].
These were certainly my own concerns. However, as computational methods and algorithms
become increasingly embedded in all facets of research, it is crucial to recognise the challenges
this trend poses for reproducibility. While algorithms should, in theory, enhance the consist-
ency and repeatability of data pipelines, the use of unpublished or overly complex scripts often
introduces barriers to replicating results, even when identical datasets are available [345]. Re-
producibility lies at the heart of scientific inquiry, allowing others to refine and build upon
existing methods, while also testing the validity of findings through alternative approaches.
Yet, we face a situation where simply installing the software used by the original research team
can be a frustratingly difficult and time-consuming endeavour, creating obstacles before the

work can even begin.

3.2.1 Dockers

A remedy to the issue of scattered code and the need for multiple installations lies in Docker
containers. Docker, an open-source platform widely embraced by developers, facilitates the
building, deployment, execution, updating, and management of containers. These contain-

ers represent a standardised software unit that encapsulates not only the code but also all
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its dependencies into a single application. Within the container image, the entire environ-
ment—including code, system tools, libraries, and more—is stored. When executed, the con-
tainer runs in isolation on the user’s computer, leveraging a Linux kernel akin to a virtual

machine [346, 345, 347].

In essence, Docker ensures consistent execution regardless of the underlying infrastructure,
alleviating concerns regarding dependency resolution and system compatibility. With broader
adoption, this approach holds the promise of accelerating and encouraging researchers to delve
into research data independently, using a unified environment to replicate and further explore

findings [345].

FEthoscopy-lab, available on DockerHub, serves as the Docker container for ethoscopy, offering
users seamless access to the latest version of ethoscopy within a Jupyter instance. Compre-
hensive installation instructions for ethoscopy-lab across all systems are provided in the online
tutorial for ethoscopy. Links to this tutorial, as well as to DockerHub, GitHub, and PyPi, can

be accessed at https://lab.gilest.ro/ethoscopy.

The introduction of a Docker container is expected to streamline the adoption of ethoscopy
as the successor to rethomics, reducing the complexities associated with setting up Python
environments and Jupyter notebooks. However, while Docker containers effectively address
software reproducibility, they do not inherently simplify the use or understanding of the software

itself.

3.2.2 Jupyter notebooks and Tutorials

Ethoscopy was designed to be used in an interactive environment, namely Jupyter notebooks.
Jupyter notebooks provide a dynamic environment where code execution, narrative documenta-
tion, and visualisations integrate seamlessly. As a free and open-source tool, it is widely adopted
by students, educators, and researchers alike [348]. For data science and research, Jupyter note-
books empower users to iteratively explore datasets, experiment with analysis, and visualise

results in real time, encouraging an exploratory approach to data analysis. Users can note
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insights and document processes, much like a traditional lab notebook. Upon completing an
analysis, the notebook can be refined, annotated, and presented as a clear, interactive narrative

that demonstrates how the data was processed to produce the final figures [348, 349, 350].

FEthoscopy and ethoscopy-lab harness this potential in two key ways. Firstly, its functions
and methods, which will be discussed in detail later, are designed to condense common and
complex analyses into single, easily comprehensible commands. This aligns with the Jupyter
ethos, allowing users to clearly signpost their choice of analysis, making it accessible even to
those unfamiliar with Python. Readers can then focus on the narrative being conveyed, without
getting bogged down by intricate code details [349]. Secondly, the ethoscopy tutorial includes
several instructional Jupyter notebooks that demonstrate practical applications using real-world
data. These notebooks help to lower the learning curve for students and researchers new to
ethoscopy, whether they are joining a lab or adopting the tool for the first time. They serve
as both educational resources and templates, enabling users to explore ethoscopy’s capabilities
with provided datasets before applying them to their own projects. This approach enhances

engagement and eases the transition to integrating ethoscopy into research workflows [348].

By reducing the barriers to entry through comprehensive instructional resources, ethoscopy
aims to become a widely adopted tool across labs utilising the ethoscope or similar behavi-
oural monitoring systems. In line with this, ethoscopy-lab is packaged with a stable release of
JupyterHub, a multiuser, web-based notebook platform [350]. The vision is for labs to main-
tain a shared, high-performance workstation hosting JupyterHub, where ethoscopy is readily
available. This setup would allow users to connect remotely from any device and access the
software, eliminating the need for multiple powerful computers and repeated setup processes.
This centralised approach requires only one technically proficient user to set up and maintain

the system, freeing up others to focus on their analysis.
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3.3 Design Philosophy and Structure

Behavpy is the core class in ethoscopy, modeled after behavr from rethomics. It is designed
to seamlessly manage large multi-specimen behavioural datasets that include varied individual
information such as genotype, sex, and treatment groups—collectively referred to as metavari-
ables [335]. Behavpy achieves this by semantically linking two tabular structures: the main
behavioural data and the metadata (Fig. 3.1). The design philosophy behind behavpy simpli-
fies the process of handling complex datasets by enabling direct manipulation of the data via

metadata without requiring extensive knowledge of pandas data frame operations.

The metadata holds metavariables that describe all experimental conditions, with each row
representing a specimen which has been assigned a unique identifier (ID) that corresponds
to its behavioural data (Fig. 3.1.b). This linkage allows the user to filter or sort the data
with simple commands. For example, filtering by sex and calculating the average velocity per
specimen can be accomplished in just two lines of code, dramatically reducing the complexity

of such operations (Fig. 3.3).

While ethoscopy is optimised for analysing data from ethoscope devices, it adheres to general
scientific standards for quantifying locomotor activity, making it adaptable to a wide range of
behavioural data [351]. The core requirement is that the data must include three descriptors:
(1) an ID for each specimen, (2) a time series, and (3) a behavioural trait—typically whether the
organism is moving or stationary (Fig. 3.1.b). This data is usually stored in tabular formats,
such as CSV files, spreadsheets, or database files, all of which can be read into a pandas data
frame. If the data can be loaded into pandas, ethoscopy can process it. Pandas [340], a
powerful Python library for data analysis, serves as the foundation of behavpy. By sub-classing
pandas data frames, behavpy inherits all existing pandas methods while introducing additional
functions specific to behavioural analysis. These new methods are applied to the individual
specimens rather than the whole group, making it easier to conduct behaviour-specific analysis

with minimal coding.

A significant deviation from rethomics’ design lies in the approach to visualisation. Rethomics
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relies heavily on ggplot2, an R-based library [338]. While this provides flexibility, it also requires
a high-level understanding of ggplot2 syntax, making it less accessible to new or transient lab
members, particularly undergraduates. Ethoscopy, on the other hand, favours simplicity by
offering single-callable methods for generating common plots. In Figure 3.4 all the plots are
generated by one line of code with several arguments to augment the output. This trade-off
sacrifices some flexibility but dramatically lowers the learning curve, making it easier for non-
experts to produce publication-quality figures. Advanced users, however, retain the option to

build custom visualisation functions due to the underlying pandas compatibility.

For plotting, users can choose between plotly and seaborn, each with distinct advantages (Fig.
3.1.c). Plotly, which outputs interactive plots by default, allows users to zoom, filter, and
explore data directly within the visualisation—ideal for interactive presentations and exploring
complex datasets. For instance, a user can dynamically focus on specific experimental groups
and remove visual clutter without altering the code [330]. On the other hand, seaborn, built on
top of matplotlib, provides static plots that are lightweight and better suited for embedding in
Jupyter notebooks. While interactive, plotly plots can consume significant memory and slow

down notebooks, making seaborn the more efficient choice [331].

This integrated and intuitive approach reflects the ethos behind ethoscopy: providing a ver-
satile yet accessible toolbox for behavioural researchers that reduces the steep learning curve

traditionally associated with behavioural data analysis.

3.4 User Workflow

In this section, I will guide you through a typical workflow using ethoscopy, from loading the

data to manipulating and analysing it, and finally visualising the results.
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Figure 3.1: Diagram of the ethoscopy ecosystem and its architecture.

(a) Overview of the pipeline to bring data into the ethoscopy framework. Importing the data
can be simply achieved by linking a metadata and data file through behavpy if formatted as
in (b). Within behavpy the data can have several methods applied to it to filter, curate, and
analyse the dataset. The data can then be visualised using built-in methods that utilise plotly
or seabron, depending on the users choice. (b) Representation of the format needed for the
metadata and data to be accepted in ethoscopy. Key data types are a unique ID, time stamps,
and a behaviour. (c¢) The pros and cons of plotly and seabron. Plotly excels at data exploration
in a notebook, whereas seaborn is more lightweight
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3.4.1 Loading Data

When using your own data, simply initialise the behavpy class (Fig. 3.2.b). The only required
inputs are a metadata table and a dataset, both structured as pandas data frames (Fig. 3.1.b).
When working outside the ethoscope ecosystem, users would need to curate, organise, and
format their own data to fit the structure. However, for ethoscope users, key tasks such as
generating and formatting IDs, along with other essential steps, can be automated program-

matically, significantly reducing the workload.

The data loading process is built around a standardised metadata file and a directory structure
for database storage. The function ‘link_meta_index‘ (Fig. 3.2.a) connects the metadata
to the corresponding database file, guiding the entire loading process. The metadata CSV file
contains key information such as the machine name, experiment name, and date (Fig. 3.1.b).
This information is used to automatically search the specified directory for a matching data-
base file. Once found, the function augments the metadata with details about the database’s

location, making it ready for loading.

Data can be loaded in two main ways: without an analysing function or with one. Loading
without an analysing function simply reads the raw data from the database into a pandas
data frame, applying only minimal processing, such as converting time into seconds relative to
the reference hour (lights-on time, set as t=0) and generating an ID column that links to the

metadata.

Loading with an analysing function allows for the automatic application of common processing
tasks during data import, reducing the need for repeated computation on large datasets (Fig.
3.2.a). For example, functions like ‘sleep_annotation’, which calculates sleep episodes based
on movement data, or ‘stimulus_response’, which evaluates activity following a stimulus,
can be applied during the loading process. Given that datasets often contain thousands of
rows, applying these functions as the data is imported significantly improves efficiency. Users
are also encouraged to develop their own analysing functions tailored to their specific research

needs.
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This linked loading approach offers several benefits. The standardisation ensures consistency
in data storage across a lab, allowing any researcher to share their metadata file with a col-
league, enabling instant access to the data without additional setup. This system also facilitates
inter-lab collaboration by maintaining a uniform format. Moreover, it simplifies the process of
concatenating data across multiple experiments. By merging metadata files from individual rep-
licates into a master document, researchers can easily assess covariates and perform aggregated
analyses across different datasets.

a

Loading from an ethoscope

metadata = etho.link_meta_index(meta, local)

data = etho.load_ethoscope(metadata, reference_hour = 9.0, FUN = etho.sleep_annotation)

Stimuli specific experiements
Estimulus_responsej E stimulus_prior j

Activity specific experiments
E max_velocity ] Esleep_annotation j

b

Creating a behavpy object

choose the plotter
df = etho.behavpy(data, metadata, colour_= 'Bold', canvas = 'plotly’, check = True)

choose the colour palette checks all the ids are in the data are in
the metadata and sets the id columns

Figure 3.2: An example of the loading functions in ethoscopy.

(a) Loading the data from an ethoscope needs no prior user curation. Simply link your metadata
file with the location of your ethoscope database files. Calling etho.load_ethoscope with the
augmented metadata will load and augment the data to have standardised time points of equal
time difference and normalised to the first lights on. (b) Data loaded from (a) or created by
the user is then linked to the metadata by calling etho.behavpy. Users can choose the colour
palette from within plotly and seaborn, depending on their canvas choice.

3.4.2 Augmenting Data

While this section is not intended as a tutorial, I will briefly outline the backbone of behavpy
and its enhancements to the pandas library (Fig. 3.3). Behavpy, a subclass of pandas, enables
users to perform typical data manipulation tasks such as applying functions to individual
columns, generating new columns by combining existing ones, and filtering rows based on

specified conditions [340]. However, these standard operations usually apply to the entire
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dataset, which is not always desirable when working with behavioural data. Often, one needs
to execute these operations on a per-specimen or per-group basis, which is where behavpy’s

tailored approach shines.

Behavpy’s core methods are designed to handle common data cleaning tasks at the level of
individual specimens or metavariables (Fig. 3.3.a). For example, users can easily filter by
treatment group, time intervals, or exclude specimens with insufficient data points. These
foundational tools are intuitive for behavioural scientists who often need to clean and organise

datasets based on specific experimental conditions.

Beyond basic cleaning, behavpy offers several behaviour-specific methods (Fig. 3.3.b). These
include calculating metrics like sleep bout length and frequency, excluding deceased or inad-
equately sleep-deprived specimens, and estimating feeding times—features particularly suited
for data derived from ethoscope. These functions are designed for one-line invocation, stream-
lining analysis and allowing users to focus on interpreting results rather than on managing

complex code.

The goal of these methods is to simplify the user’s workflow. By providing clear, single-line
commands, behavpy allows for swift chaining of multiple analytical techniques while maintaining
the cleanliness and readability of Jupyter notebooks. This structure is particularly valuable for

collaborative work, as it makes it easier for others to follow and annotate the analysis process.

3.4.3 Visualisation

Visualisation is essential for behavioural research; it helps researchers assess data quality, sum-
marise population trends, and refine or generate new hypotheses. FEthoscopy supports this
through a range of graphical representations, including ethograms, heatmaps, and interactive

visualisations (Fig. 3.4).

Given the typically large datasets in behavioural studies—often comprising multiple specimens
per experimental group pre-processing is crucial before plotting. Both plotly (plotly express)

and seaborn offer automatic plotting functions that can handle some level of preprocessing, such
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as calculating averages and standard errors [330, 331]. However, these tools are not inherently
designed to work with a linked metadata but to operate on a data frame where each row has
a single label. This can result in a loss of per-specimen resolution. FEthoscopy resolves this by

integrating the metadata and IDs into the analysis pipeline.

Depending on the plotting method, the executed code will apply a combination of smoothing
averages, z-score analysis, and bootstrapping resampling for confidence intervals before feeding
the data into the chosen plotting package. The specific approach can vary between plotting
tools: plotly often employs more custom analysis to tailor visualisations to specific needs, while

seaborn leverages its built-in functions for standard statistical plots and simpler analysis.

Quantification plots produced by ethoscopy also return a pandas data frame containing plot

a

Basic Filtering / Formatting

method description
Filter the data by descriptive variables in the metadata.
df.xmv() i.e. sex),l experignental group
df.curate() Remove individuals from the dataset that have too few data points
Filter the data by time to remove baseline days or isolate experimental days.
df.t_filter() i.e. be)t,ween 24 - 48 hours y P y

df.concat() Add seperate datasets together, including the metadata.
: : Increase the time each row desribes.
df'bm—t'me() i.e. rows summarise from 10 seconds to 60

: Change time values (in seconds) from being sequential
df.wra p_time() 9 to representative of the time of dgy a

b Behaviour / Sleep specific

method description
Add a new column with the lighting- light, dark- and the day of the
df.add_day_phase() experiment. For use with ﬁltgcleringg.l 9 y

: Calculate and count the length of sleep bouts per individual.
df°5|eeP—bOUt—ana|yS's() Can also be automati%ally plottepd for vis?ual analysis.
df.curate_dead_animals() Rﬁmgvgfanrg{nnilosvting? may be dead. Calculated by animals with long

: Calculate the effectiveness of sleep deprivation methods and remove
df’remove—SIeep—depr'Ved() those that weren't sleep deprive engugh.

Figure 3.3: An example of some of the methods available in ethoscopy.

(a) Basic augmentation methods are useful for trimming the dataset to only include animals
you might want to plot or to remove animals that are not needed or wrong. (b) Behaviour
specific methods often require a non-essential data type, such as whether the animal is asleep
or not.
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points per group. These data arrays can be further tested for significance using statistical pack-
ages such as SciPy [326] and DABEST [333]. DABEST is utlises estimation statistics to focuses
on the effect size difference of two populations (experimental groups) and the bootstrapped con-
fidence intervals of said averages. Within DABEST the user sets an experimental group as the
control. Each other groups effect size difference is calculated, generating a distribution plot
of the difference using the bootstrap resampling method [333]. These distributions can then
be used with traditional p-value statistics to calculate significant difference. It is hoped that
utilising this method will highlight true differences rather small effect size differences in large,
similar populations. DABEST estimation plots are used intermittently throughout this study

to highlight the differences between two or more groups.

While this approach may limit stylistic and analytical flexibility, it aims to cover most com-
mon visualisation needs comprehensively. Users who require different stylistic choices can use
post-editing software such as inkscape. Additionally, those with advanced needs can leverage

ethoscopy’s core functionalities to prepare data for custom analyses and plots.

3.5 Specific behavioural tools

Building upon the core methods and functions of ethoscopy, two specialised toolsets have been

developed to address specific behavioural research questions.

The first toolset is designed for exploring, analysing, and visualising circadian rhythms, a funda-
mental aspect of behavioural research. The second focuses on training, decoding, and visualising
HMDMs, a technique increasingly utilised in sleep research to uncover hidden behavioural states

319].

Both sets of tools are integrated within the behavpy class and are readily accessible. How-
ever, specific methods must be executed initially to generate the necessary data for further
analysis and visualisation. The following section will outline these steps and their associated

visualisation processes.
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3.5.1 Circadian Analysis

Circadian rhythms are biological processes that follow a daily cycle, normally 24-hours, typically
aligning with the Earth’s day-night cycle. These rhythms regulate a variety of physiological
functions and manifest in behavioural changes, such as locomotion or activity levels [36]. The
tools provided by ethoscopy are designed specifically for analysing locomotion, although they
can be applied to any behaviour measured in a binary format (True/False, happening/not-

happening).
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Figure 3.4: Visualisation methods available in ethoscopy.

(a) Heatmaps can be generated for any numeric behaviour. Heatmaps are best used to identify
any issues within experimental groups, e.g. identifying non-SD flies in the SD group. (b)
Overtime plots best show the temporal changes in a behaviour. Ethoscopy generates 95% Cls
around the mean. Experimental groups that are labelled 'control’ or ’ctrl’ will automatically be
coloured grey. (c) Filter datasets by time to isolate periods you which to quantify and compare
behaviours. Here the sleep of the first 3 hours post SD are quantified. Like the overtime plots,
the mean is plotted with 95% CIs that are bootstrapped. All plots shown here were generated
using seaborn as the canvas.
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Actograms

Actograms offer a straightforward visual assessment of rhythmic behaviour by double plotting
total activity over time. Two days of activity are plotted on one row, this is then shifted forward
by one day on the row below (Fig. 3.5.a). When read vertically any shifts in the activity can
be quickly observed. As shown in Figure 3.5.a an organism that holds its circadian rhythm
(wild type) actogram will be strongly vertically aligned. In contrast, those with an atypical
short circadian rhythm (per®hort) activity will drift to the left diagonally and long circadian
rhythm (per'ong) will drift to the right diagonally. Within Ethoscopy, the user can plot each

individual specimens actogram or an average per group.

Periodograms

Whilst actograms offer a quick insight into any circadian drift, they are not quantitative. To at-
tribute quantifiable strength /power to different frequencies periodograms are usually employed.
Periodograms estimate the spectral density of a signal, or in other words the distribution of
frequencies in a time series [352]. Given a sequence of activity and a band of frequencies to
search, periodograms will generate a power score for each frequency. Typically, the strongest
frequency (peak) will be the daily circadian rhythm, although it will also identify sub-daily

rhythms too.

Within ethoscopy the user can apply the periodogram analysis to their dataset on an individual
basis, generating a power for each frequency per specimen. Using this new data the user can plot
the average power of each frequency per group (Fig. 2.4.b) or the average strongest frequency

of each specimen per group (Fig. 2.4.c)

Within ethoscopy several methods can be used to compute the amplitude of the frequency

spectrum:

e Chi-Squared Method: A statistical approach that evaluates periodicity by fitting sine

waves of varying frequencies to the data and assessing goodness-of-fit via chi-squared
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statistics. Particularly useful for irregularly sampled data, this method does not assume
uniform time intervals, making it well-suited for behavioural and physiological time series.

[352].

e Fourier Method: A classical spectral analysis technique that decomposes a time series
into its constituent frequencies using sinusoidal basis functions. Best suited for evenly
sampled data, this method efficiently identifies dominant oscillatory components but may

require pre-processing, such as interpolation, for datasets with missing points. [353].

e Lomb-Scargle Method: An adaptation of the Fourier transform that accommodates
unevenly spaced data. It estimates power at different frequencies by projecting the signal
onto sinusoidal functions, adjusting for phase shifts. It is also particularly effective for

detecting circadian rhythms in fragmented or incomplete datasets. [354].

Whilst some of the methods can handle missing data, Ethoscopy automatically applies an
interpolation function to ensure a complete time series before conducting spectral analysis, to

ensure robustness in the output.

Wavelets

Wavelet analysis differs from traditional frequency methods by decomposing signals into wave-
lets that are localised in both time and frequency. This technique is particularly useful for
analysing signals with transient characteristics, such as circadian mutants transitioning from
light-dark to constant dark conditions, which can cause the circadian clock to drift [355]. If
this data were to be analysed by a periodogram, the drift in frequency would be difficult to

identify as the power would be spread over a range.

The wavelet plot (Fig. 3.5.d) produced in ethoscopy is of a wild type fly in dark:dark condi-
tions for 10 days. During which the internal circadian rhythm begins to drift as there is no
entrainment from light, one of the strongest zeitgebers [36]. This is identifiable by the decrease
in power in the 24 hour frequency as the experiment progresses. Also evident is the loss of

sub-daily rhythmns at 12 hours at the beginning of the recording. The user can select from
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several wave types available in the PyWauvelets package [356] to tailor the analysis to their

specific needs.

The tools outlined above, while not exhaustive, offer a comprehensive set of methods for circa-
dian analysis, covering a broad range of use cases and providing accessible options for researchers

studying rhythmic behaviour.
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Figure 3.5: Visualisation of the circadian analysis tools available in ethoscopy.

(a) Actogram plots for three experimental groups with different circadian backgrounds. Long
and short mutants activity can be seen to drift under and over the 24-hour cycle. (b) Visu-
alisation of the results from chi-squared periodogram analysis. Peaks in power indicate the
frequency that is most dominant in the experimental group. (c) Quantification of (b). The
frequency with the highest power per individual is found and the mean of the group calculated
with 95% Cls. (d) A wavelet transformation using a 'morlet” wavelet. Wavelet transformations
best visualise the how periodicity changes throughout the experiment, such as in dark:dark
experiments, as shown here. Strength of 24 hour frequency is shown to decrease over the course
of the recording.
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3.5.2 Hidden Markov Models

HMMs originated in signal processing and have since been adopted across various fields, in-
cluding bioinformatics, ecology, and behavioural research. Recently, their application to sleep
research has demonstrated their ability to differentiate between distinct sleep states, such as
deep and light sleep [319, 357, 358, 359]. HMMs are particularly useful for decoding latent
behavioural states that underlie observable data, revealing complex patterns and transitions in
animal behaviour [360]. HMMs will be used in Chapter 4 of this study, providing greater detail
to the background of HMMs.

HMM Components in Ethoscopy

Ethoscopy integrates the Python package hmmlearn into the behavpy ecosystem. Hmmlearn is
a well-established HMM repository that offers several types of HMMs. Currently, ethoscopy

utilises the CategoricalHMM class from hmmlearn [317].

To prepare for HMM training, users must create a categorical data column in behavpy, with
states encoded numerically starting from 0 (e.g., 0 for immobile and 1 for movement). It is
crucial that the dataset is fully populated, as missing time points will not be adjusted for during

model training.

Model Training

When training an HMM, users specify the number of hidden states they wish to identify. For
instance, a four-state model might include ‘deep sleep’, ‘light sleep’, ‘quiet awake’, and ‘active

awake’. The training process involves the following steps:

e Iteration and Optimisation: The model is trained iteratively over the dataset to
optimise performance. By default, the model undergoes ten training iterations. Each
iteration involves randomising transition matrices to mitigate the risk of local minima,

with the model selecting the configuration that yields the highest log-likelihood score.
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e customisation: Users can define and restrict specific state transitions by customising
the initial transition matrix, allowing for tailored modeling approaches that better fit the

experimental design or behavioural hypotheses.

Visualisation and Analysis

Once the model is trained, ethoscopy provides a suite of visualisation tools to interpret and

quantify the decoded states:

e Ethograms: Visualise the probability of different states over time, offering insights into

the duration and transitions between states (Fig. 3.6.a).

e Split Versions: Compare the probability of the same state over time between experi-

mental groups or differently trained HMMs (Fig. 3.6.c).

¢ Quantification Plots: Assess and quantify state durations, percentage of transitions,
and average state bout lengths, providing detailed insights into behavioural dynamics

(Fig. 3.6.b).

e Raw Decoded States: Plot the predicted state at each time point alongside the ob-

servable sequence to get a visual understanding of how they are related (Fig. 3.6.d).

Ethoscopy’s integration of HMM training, testing, and visualisation offers researchers a stream-
lined platform for in-depth behavioural analysis, enhancing the understanding of complex be-

havioural states and transitions.
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Figure 3.6: Visualisation of the output of hidden Markov models in ethoscopy.

(a) An example dataset whose activity data was decoded by a 4-state model to investigate sleep
stages. An overtime plot can show when each state is most likely to occur. (b) Quantification
of (a) with mean and 95% CIs. (c) When comparing multiple experimental groups HMM
outputs the overtime plots can be split by state to better visualise differences. Colours are
unique to each experimental group and not the state. (d) An individuals decoded sequence
can be plotted to visualise how state sequences interact.
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3.6 Integrating Machine Learning

Historically, behavioural analysis has relied heavily on manual classification and hierarchical
ordering of behaviours, a process requiring significant human effort and time [361, 362]. The
repetitive nature of behavioural patterns makes ethology particularly amenable to machine
learning (ML), which excels in pattern recognition and extracting insights from large, complex

datasets [363].

Machine learning has become a powerful tool in behavioural research, particularly for super-
vised classification tasks. Combined with limb tracking software, ML can automate the scor-
ing of behaviours, significantly reducing the time and effort required for manual classification
[250, 251, 252, 364]. Furthermore, ML’s ability to analyse data across both micro and macro
timescales offers an unbiased method for identifying novel behaviours, which can be challenging

for humans to conceptualise [365].

To facilitate the integration of machine learning into behavioural research, ethoscopy provides
guidance on incorporating HCTSA/Catch22 [366, 325] and scikit-learn [326]. HCTSA (High-
Content Time-Series Analysis) is a MATLAB-based software that performs extensive feature
extraction, yielding over 7000 features. Catch22 is a Python implementation of HCTSA, focus-

ing on 22 of the most descriptive time-series features.

Within the ethoscopy Github and tutorial website there are currently six notebooks that run
through all the basics discussed so far, including circadian rhythm analysis and HMM creation
and plotting. Additionally, there are also two notebooks specifically for HCTSA/ Catch22. The
first details how to augment an ethoscopy dataset into the matlab format required by HCTSA,
expediting the process between the two. The second, using the Pythonic Catch22, runs in
more detail. Demonstrating how you can combine the time series analysis tool of Catch22 to
generate datapoints that can be utilised by simple ML classification tools. Using a basic out of
the box support vector machine classifier I was able to achieve an 80% accuracy in predicting
the genetic background of the circadian mutants plotted (Fig. 3.5). The notebook also details

a lot of the visualisation tools available in seaborn to explore data distribution and correlation.
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These notebooks are not intended to be exhaustive guides to ML, but rather examples to show

users how they can leverage the ethoscopy ecosystem as a starting point for ML exploration.

3.7 Summary

FEthoscopy stands as successor or alternative to rethomics the first software toolbox for the
ethoscope. Like rethomics, ethoscopy is a comprehensive Python toolbox designed to stream-
line the analysis, visualisation, and interpretation of behavioural data, particularly within the
context of circadian rhythms and sleep research. However, it expands upon this ecosystem to

include machine learning and modelling through HMMs.

It is hoped that ethoscopy will reduce the burden on researchers and students in the analysis of
data and the subsequent figures, producing high quality visualisations that can be used both

for exploration and for publication.



Chapter 4

Modelling sleep stages with hidden

Markov models

4.1 Is Drosophila sleep phasic?

Emerging evidence suggests that sleep in Drosophila melanogaster is not monophasic, but mul-
tiphasic. This observation aligns with a broader trend in sleep research. Studies have uncovered
evidence of slow wave activity (SWA) sleep and active sleep in various non-mammalian spe-
cies, including reptiles, fish, and cephalopods. These phases could be said to be at the least
analogous to NREM and REM sleep, if not homologous [169, 178, 194, 88, 14].

Sleep in Drosophila can be distinguished from wake and rest by a decrease in brain activity
(10-100 Hz) in the medial protocerebrum that corresponded with an increase arousal threshold
[190, 367]. Yap et al. found SWA (7-10 Hz) in the central brain that induced sleep stage
transitions most prominently at the start and end of a sleep bout, both spontaneously and
when stimulated (GABA and dorsal fan shaped body activation). This was corroborated in
Raccuglia et al. which found slower SWA (0.5-1 Hz) would increase in power as sleep pressure
increased, dissipating in power when asleep [368]. Differing frequency bands appear to be due to
experimental techniques, with the former measuring the dorsal fan shaped body and the latter

measuring R5 neurons of the ellipsoid body. Yap et al. demonstrated that frequencies changed

86
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in power over a bout of sleep, but they did not tie this to changing arousal thresholds [188].
Although earlier work from the same group showed a correlation between low frequency signals
power spikes between 6-12 minutes and increasing arousal thresholds, prompting analogy to
SWA (0-4 Hz) in late stage NREM sleep [189, 20]. Flies do have increasing arousal thresholds

as time immobile increases [35], possibly indicative of a transition to a deeper sleep [283].

Beyond localised brain activity readings, a novel experimental setup in Tainton-Heap et al.
measured the activity of 100s of neurons in a fixed fly via fluorescent calcium imaging [278].
Using the 5-minute rule of sleep to define the beginning of sleep, they demarcated five distinct
phases: prior (5 minutes before sleep), early (first 5 minutes of sleep), mid (5-10 minutes),
late (10 — pre-wake sleep), and pre-wake (5 minutes before wake) sleep. Both prior and late
sleep have low total neuronal activity (1-5%), that differs significantly from awake (~30%)
and early (=5%) activity. It could be argued early sleep activity could just be an awake
brain whilst immobile, as it’s neuronal overlap is not different when comparing two separate
awake bouts. However, late sleep neuronal share is different to both early and prior, 5%
and 4% respectively (23% awake-awake control). This difference is compounded by late and
awake sharing 60% of neurons. Together, it appears prior and early sleep consists of selected
neuronal firing to induce sleep followed by an unknown brain activity function which the author
compares to REM sleep or paradoxical sleep, due to the activity spike. Following studies using
the same techniques showed differing brain activity when inducing sleep opto-genetically or
pharmacologically despite phenotypically similar observations, highlighting the problems with

broadly considering all sleep bouts of the similar length the same [369].

Whilst the research provided is not uniform on what the stages could be or exactly when
they occur, there is strong evidence to propose a new hypothesis, that Drosophila sleep is
multiphasic, possibly with homologous architectural functions seen in mammalian sleep, but

that is to be determined.
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4.2 Modelling Sleep

When modeling sleep in Drosophila, it is important to approach the subject with caution,
particularly when using mammalian sleep terminology. Terms like "light sleep” and ”deep
sleep,” commonly associated with human sleep stages, are not directly applicable to insect
sleep but are often used due to the absence of better alternatives [370]. For simplicity, I use
these terms here as a shorthand: ”light sleep” refers to states of lower arousal thresholds, and

"deep sleep” to states with higher arousal thresholds.

Given these broad categorisations, and assuming that internal sleep processes manifest through
observable behaviours, mathematical models offer a powerful tool for predicting sleep states
[371]. Direct measurement of sleep states is invasive and often impractical, especially in small
organisms like Drosophila. However, the rhythmic nature of behaviours such as walking, groom-
ing, and feeding suggests they may provide indirect insights into internal sleep states. These
behaviours are governed by circadian rhythms and could reflect homeostatic sleep changes in
response to an individual’s activity levels [372], similar to how sleep-deprived humans exhibit

increased SWA [81].

If these assumptions are correct, there should be repetitive behavioural patterns, motifs, that

correlate with specific sleep states.

4.2.1 Previous Attempts to Model Sleep

Numerous efforts have been made to model sleep in order to better understand its intrinsic
rhythms and predict how an individual’s sleep may respond to varying conditions. In hu-
mans, sleep modeling has become a significant endeavour, with wearable trackers integrated
into smartwatches and rings to gain better resolution of metrics that are influential or measure
sleep. These devices typically monitor heart rate and movement to infer sleep and sleep stages
with varying degrees of accuracy [373]. Such tracked metrics are often calibrated against EEG

and EOG data obtained in clinical settings, employing large datasets and machine learning
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techniques to automatically classify sleep stages [374, 358]. Similar approaches have been suc-
cessfully applied in mice, enabling automatic sleep scoring during experiments [359]. However,
these mathematical models are largely predictive, they indicate which sleep stage is likely to

occur at a given time but do not address how environmental factors influence sleep.

Several attempts have also been made to develop physiologically based mathematical models of
the sleep—wake cycle, integrating elements such as neuronal population dynamics, homeostatic
pressure, and circadian influences [375, 376, 377]. These models aim to define the rates of
change and the interplay between multiple sleep—wake circuits that are robust under varying
environmental pressures, such as changes in day length or enforced wakefulness. For instance,
Song et al. extended previous physiological models to incorporate forced wakefulness and forced
sleep, thereby predicting drowsiness and alertness in shift workers [378]. By utilising individual
sleep patterns obtained from wearable devices and alertness diaries, the researchers identified
a novel sleep—wake pattern, termed “adaptive circadian split sleep,” which incorporates a late
nap to sustain high alertness during unconventional working hours. Such mathematical models

hold promise for personalising sleep recommendations tailored to an individual’s needs.

In contrast, models of sleep in Drosophila are less refined, generally describing the interplay
between homeostatic and circadian processes based on the two-process model. Abhilash and
Shafer adapted earlier work by Daan et al. [379] to generate sinusoidal waves that serve as
thresholds in their sleep pressure equation—an upper bound for sleep pressure and a lower
bound for wake pressure [301]. Their model demonstrated that previously assumed independ-
ence between the two processes might be inaccurate; indeed, shortening of the circadian period
was accompanied by a more rapid decay of homeostatic sleep pressure. Experimentally valid-
ated, this model explained variations in sleep—wake phenotypes through parameter changes in

either the homeostatic or circadian components.

Hidden Markov models (HMMs) have also been widely employed in human and mouse studies
to aid in the automatic scoring of EEG/EOG data, owing to their capacity to account for
transitions between sleep states [26, 374, 358, 357]. In Drosophila, however, the inability to

easily record brain activity in free-living individuals has led researchers to adapt these models
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to translate behavioural observations into inferred sleep states. This approach was first demon-
strated by Wiggins et al. with notable success, as the model predicted deeper sleep stages that

correlated with increased arousal thresholds [319].

This chapter will build on the introductory discussion of HMMs from the previous chapter,
further exploring their underlying principles, specific applications in Drosophila sleep research,

and the insights they can offer.

4.3 The fundamentals of hidden Markov models

The fundamentals of HMMs lie in their ability to represent systems where underlying states
are not directly observable but can be inferred through observable data. The key idea is that
these hidden states influence the likelihood of certain observations occurring. HMMs have found
application across various fields, ranging from speech recognition to bioinformatics, behavioural

ecology, and notably, sleep research [380, 381, 360, 26].

HMDMs operate on sequences where the process being studied is assumed to follow the Markov
property. This property dictates that the probability of transitioning to the next state depends
solely on the current state, independent of the sequence of preceding states. In other words, the
system ”has no memory” beyond the present moment. This property can be formally expressed

as:

Pr(Xpm =z|X1 =21, Xo =29,..., X, = x,) = Pr(X,11 = 2| X,, = x,)

This Markov assumption is applied twice within an HMM: first to the sequence of hidden states
and secondly to the sequence of observable data [380]. While real-world data may not strictly
follow these assumptions, they can still be used to model systems effectively if the simplifications

provide an adequate approximation of the underlying dynamics.
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4.3.1 Structure of hidden Markov models

The structure of a Hidden Markov Model (HMM) consists of five fundamental components
[380]:

e States: These represent the hidden elements of the model and are determined by the
user. The number of states, N, corresponds to the possible hidden states that the model

seeks to learn.

e Observations: These are the measured data points that can be directly measured. For
the HMMs applied in this context, the observations are represented as discrete categories

corresponding to observable behaviours.

e Transition Probabilities: This is a matrix, A, that describes the likelihood of trans-
itioning from one state to another. Each element A;; represents the probability of moving
from state ¢ to state j. For any given state, the sum of its outgoing transition probabilities

equals 1.

e Emission Probabilities: This matrix, B, captures the probability of an observation
being generated from a particular state. Each element B;; represents the probability of

observing j given that the system is in state i.

e Initial State Probabilities: This component represents the probability distribution for
the system’s starting state. It defines which states are more likely at the beginning of the

sequermnce.

4.3.2 Solving the fundamental problems of hidden Markov models

Rabiner [382] identified three fundamental problems that must be addressed when working with
HMMs:

1. Learning: Given the sequence O and the set of states in the HMM, learn the HMM

parameters A and B.
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Learning revolves around adjusting the HMM parameters to maximise the likelihood of the
observed data. This involves iteratively adjusting the model’s parameters to maximize
the likelihood of the observed data. The standard approach for this is the forward-
backward or Baum-Welch algorithm, a specialized iterative Expectation-Maximization
method [318]. This algorithm estimates the expected number of transitions and emissions
for a given model and adjusts the parameters to better match the observed data. The
process repeats until the model converges to a set of parameters that optimally explains
the data [383, 380]. In ethoscopy, this step is executed via the hmm_train function using

the hmmlearn package (hmm).

. Evaluation: Given a model A with matrices (A, B) and a sequence of observations O,

what is the likelihood P(O]\).

Although computing P(O|\) is conceptually straightforward, it is computationally intens-
ive due to the exponential number of possible hidden state sequences. For a HMM with
N states and a sequence length T, there are N possible paths. To overcome this com-
plexity, the forward algorithm is used. This algorithm employs dynamic programming to
efficiently compute the likelihood by combining paths with shared segments, drastically
reducing the computational burden [380]. In ethoscopy, this likelihood calculation is used

to evaluate models and select the best-scoring one during training.

. Decoding: Given the sequence O and the model \, generate the best sequence of hidden

states, Q.

Finally, if you're interested in the hidden states transition dynamics you will need to
calculate the most likely sequence. The Viterbi algorithm is the standard method for
this problem. Like the forward algorithm, it leverages dynamic programming but spe-
cifically tracks the highest-probability paths to determine the most likely sequence of
hidden states. By backtracking through the recorded paths, Viterbi identifies the optimal
sequence [323]. Within ethoscopy, Viterbi is the algorithm used to decode the hidden

states, although alternative decoding methods are available.

These three core problems—Ilearning, evaluation, and decoding—are all addressed in ethoscopy’s



4.4. Exploring and validating the hidden Markov models 93

HMM implementation via the hmmlearn library [317]. The primary task remaining involves
choosing the architecture of the hidden states to best capture the behavioural dynamics of the

system under investigation.

4.4 Exploring and validating the hidden Markov models

4.4.1 Deciding the model architecture

The choice of HMM architecture was initially influenced by the approach of Wiggin et al., who
first showed the utility of a four-state model adapted from NREM/REM sleep modeling in
mammals [319, 384]. However, given that these structures remain speculative in Drosophila,
it was important to explore alternative models with varying numbers of states and different

transition dynamics to better capture the nuances of fly behavior.

Limitations of Low-State HMMs

In this study, the number of hidden states was deliberately restricted to a small number to
generate an easily interpretable model, with the hope that these few states would suffice to
capture the dynamics of sleep, analogous to the stages observed in mammalian sleep. However,
this restriction introduces several limitations that may affect the model’s reliability and its

ability to fully represent the underlying biological processes.

A low-state HMM assumes that the system is entirely described by fixed probabilities for state
transitions and observations. In biological systems, these probabilities are often subject to
variability in response to changing internal and external conditions. In principle, a highly para-
meterised or even infinite-state HMM could account for this variability by assigning a unique
state to each subtle change in the stochastic process, thereby more accurately reflecting the
true nature of sleep dynamics. While such a model might improve predictive accuracy by more
closely matching the observational sequence, it would do so at the expense of interpretability,

as each state could correspond to a minute biological process.
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Moreover, the underlying Markov assumption—where the next state depends solely on the cur-
rent state—implies a memoryless process. This simplification may be inadequate for capturing
the temporal dependencies inherent in sleep behavior, such as those influenced by circadian
rhythms or accumulated sleep pressure. By limiting the model to a few states, there is a risk of
overlooking these longer-range dependencies that can be critical to understanding the complete

stochastic properties of sleep.

4.4.2 Training and Scoring the Model

All models were trained using a dataset consisting of male Canton-S (CS) flies, originally
used in the ethoscope study by Geissmann et al. [53] see Methods for details. The dataset
was prepared for model training in two ways. First, following the methodology of Wiggin
et al., the observable behaviors were categorized into a binary classification: ‘immobile’ or
‘moving’. Second, taking advantage of the ethoscope’s enhanced detection capabilities, which
can distinguish micro-movements like grooming and feeding, the ‘moving’ category was further
split into two subcategories: ‘micro-movements’ and ‘walking’ [244]. This extra capability

allows for a model with three observable states.

To determine the optimal HMM architecture, five models were generated for the two sets of
observables, ranging from 2 to 6 states, including architectures inspired by Wiggin et al.(cite)
and Tainton-Heap et al. [278] (Table 4.1). Each model underwent multiple training runs with
randomized initialisations to ensure convergence to a global minimum (Winters-Hilt 2006). The
best-performing model was selected based on its log-likelihood score on a 10% test segment
(see Methods for details). Among all candidates, the four-state models for both the two- and
three-emission models performed the best when evaluated using three criteria: log-likelihood
score (yellow) [320], Akaike Information Criterion (AIC) (blue) [321], and Bayesian Information

Criterion (BIC) (green) [322] (Fig. 4.1.a).

As anticipated, the six-state models scored poorly, as both AIC and BIC heavily penalised the

additional complexity. This complexity was not justified by a significant increase in explanatory
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power, primarily the length of time immobile. On the other hand, the simpler models with

fewer states lacked the necessary complexity to adequately capture the observed data.

These findings validate the conclusions of Wiggin et al. that a four-state model best represents
sleep from movement data. However, I opted for a slightly modified four-state architecture,
despite the models’ similar performance scores. In this new model, the two wake states can
transition freely between each other, rather than only transitioning from an ’early wake’ state to
a 'full wake’ state, (Fig. 4.1.b). This adjustment better differentiates a mildly active wake state
from a highly active one, unlike the Wiggin et al. model where ’early wake’ served primarily

as a transitional state between sleep and 'full wake’.

Closer inspection of the decoded state sequences for the Wiggin et al. architecture revealed
that ‘deep sleep’ was never transitioned into (Fig. 4.2). Using the pre-trained transition values
from Wiggin et al. led to more comparable decoded sequences but yielded less overall 'deep
sleep.” This discrepancy is likely due to differences in datasets, as the Wiggin et al. model was
trained with female CS flies using different HMM training software and DAMS tracking [319].

Since my focus was on using a model trained with ethoscope data, which better captures fly

Number Sleep Awake Reference

of states states

states

2 1: ’asleep’ 1: ’awake’ N/A

3 1: ’deep sleep’ 1: ’awake’ N/A
2: ’'light sleep’

4 1: ’deep sleep’ 1: ’early wake’ Wiggin
2: ’light sleep’ 2: ’full wake’ et

al.[319]

4 1: ’deep sleep’ 1: 'quiet wake’ This
2: ’'light sleep’ 2: ’active wake’ study

6 1: ’early sleep’ 1: 'prior-sleep’ Tainton-
2: 'mid sleep’ 2: 'wake’ Heap et
3: 'late wake’ al.[278]
4: 'prior-wake’

Table 4.1: A breakdown of the architecture of the hidden Markov models presented in Figure
4.1
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movement at all times compared to DAMs [244, 239], the modified architecture was preferred.

It was hypothesized that the three-observable model would offer more informative insights, as
micro-movements like grooming or feeding could act as motifs predictive of sleep, akin to nesting
behavior seen in mice [385]. However, the top-performing models with three observables failed
to effectively predict the active awake state, albeit with predictions of light sleep and deep sleep
that were largely similar (Fig. 4.2). Therefore, the decision was made to proceed with the two-
observable four-state model. Interestingly, a breakdown of movement profiles for the predicted
quiet and active awake states in the two-observable four-state model revealed distinct patterns
(Fig. 4.1.c). The quiet awake state consisted of 40% micro-movements and 55% walking,
whereas the active awake state comprised 7% micro-movements and 90% walking. Despite
being agnostic to the underlying division of activities, the model segmented the behavioral

data in a logical and interpretable manner.



4.4. Exploring and validating the hidden Markov models 97

Observables: 2 Observables: 3
—-4.4
1.3 R 3.0 1.00 g
R

—_— (=]
.;) 1.2 35 0.98 —a5 o
- =
~ 11 -4.0 o
o 0.96 —-4.6 §
=}
= 1.0 -4.5 —@—AIC g
> ——BIC 0.94 -47 7
5 0.9 =50 o LL s
= 0.92 —48 —

0.8 =55 c
] o
= ~

0.7 6.0 0.90 48 =
Y 2

0.6 -6.5 0.88 50 =

2 3 4 4 5 No. Hidden States 2 3 4 4 5
Architecture
[WAT  [WAT  [Newd  |wiggin [T based © [TNAAT  [INAAT  [Newd| |wiggin  [MESH

L]
Full wake — Actlve awake

Early wake — Qulet awake
Light sleep
[

iggin Architecture Deep sleep New Architecture

\ New Architecture - 2 observables

o

Time in state
S

9

_m‘v' & “&2 ’ i"

Micro
Movements

o

Walking

Figure 4.1: A modified version of the Wiggin four state model scores the best.

(a) Scoring the models with architecture from Table 4.1 with log likelihood (yellow), Akaike
Information Criterion (AIC) (blue), and Bayes information criterion (BIC) (green). Log likeli-
hood values closest to 0 have the least error. AIC and BIC scores closest to zero best explain
the data. Both AIC and BIC penalise more complex models to prevent overfitting. (b) This
studies four state model (right) is a modified version of the Wiggin model (left). 'Deep sleep’
was prevented from transitioning into 'active awake’, which was also allowed to transition into
‘quiet awake’. Awake states names were also changed from ’early wake’ to quiet awake’ and
"full wake’ to 'active awake’ to better reflect the studies findings. (c) Breakdown of the activity
of each awake state (quiet and active) for the studies four state model with two observables.
"Quiet awake’ has greater proportion of micro-movements and inactivity than ’active awake’
despite being agnostic of their differences.



98 Chapter 4. Modelling sleep stages with hidden Markov models

12
ZT (Hours)

Figure 4.2: The new model HMM architecture with two observables is the best
representative of the data when decoded.

The new HMM architecture with two and three observables, as well as the Wiggin HMM
architecture were decoded into a HMM state sequence. Only in the new architecture with two
observables were all states observed.
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4.4.3 Describing the decoded model

With the model established, examining the transition and emission probabilities (Fig. 4.3.a)
does not provide immediate, tangible insights into the predicted sleep patterns. Instead, decod-
ing the dataset used to train the HMM reveals the posterior probability of each state for each

specimen, translating the observable behaviors into a sequence of hidden states (Fig. 4.3.b).

The average probability of each state varies over time with a daily rhythm, with ‘deep sleep’
increasing above ‘light sleep’ between ZT13-16 at night (Fig. 4.3.c). A period previously
associated with a deeper sleep due to the increased length of sleep bouts and arousal threshold
[189, 264, 35, 283]. ‘Light sleep’ and ‘quiet awake’ follow a similar pattern, consistently prevalent
throughout the day and night, decreasing during the morning and evening peaks when ‘active
awake’ is most prevalent. An activity pattern consistent with Drosophilas’ crepuscular activity
[275, 274, 283]. Interestingly, unlike the findings in Wiggin et al. the combined sleep states

total exceeds the 5-minute calculation, 15.4% more in total (Fig. 4.3.g&h).

The increased prediction of sleep stems from ‘light sleep’ bouts being between 1 and 11 minutes
long, classifying some bouts of immobility below 5 minutes as sleep that would have previously
been excluded (Fig. 4.3.e&f). This discrepancy suggests that the HMM model is more sensitive
to sleep patterns, potentially distinguishing less than 5-minute sleep bouts from wake bouts, a

hypothesis to be explored in the next section.

Predicted ‘deep sleep’ and ‘light sleep’” are segmented by time, albeit with a small crossover
window at 11 minutes (Fig. 4.3.e&f). Any bout of immobility that is 11 minutes or longer will
be wholly classified as ‘deep sleep’, any whose total length is shorter will be ‘light sleep’. The
model does not demonstrate a transitional type of sleep, such as early sleep being ‘light sleep’
that changes to ‘deep sleep’” with time. This classification puts it at odd with the mammalian

sleep and the aims of the design of the HMM architecture.

Over the whole day ‘light sleep’ (34%) is the most frequent state, followed by ‘quiet awake’
(30%), ‘deep sleep’ (18%), and ‘active awake’ (17%) (Fig. 4.3.d). The most frequent states,

‘light sleep” and ‘quiet awake’ are the middle states. They have a much lower average bout length
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which is made up for by frequent transitions. If correct, this predicted behaviour would suggest
that D.melanogaster, when not very active or having consolidated sleep, oscillate between short

sleep bouts, ‘light sleep’, and stationary actions such as grooming, ‘quiet awake’.

Whilst the sleep states are segmented approximately by time, the awake states can emit as
either ‘inactive’ or ‘active’ and have very different bout timing and averages (Fig. 4.3.e&f).
Calculating the number of bouts with at least a single period of inactivity (1 minute) reveals
that nearly 59% of ‘quiet awake’ includes a period of inactivity compared to 50% for ‘active
awake’ (Fig. 4.3.f). It seems both active states are interspersed with at least one minute of

inactivity, which within ‘quiet awake’ compliments the increased level of micro-movements.
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Figure 4.3: HMM predicted sleep states have unique characteristics and vary over
the day.

(a) A schematic of the new four state HMM. "Deep sleep’ (dark blue) and ’light sleep’ (light
blue) can only emit as inactivity. 'Quiet awake’ (light red) and ’active awake’ (dark red) can
emit as both inactive and active. 'Quiet awake’ is more likely to be inactive (15%) than ’active
awake’ (1.4%). (b) An example behavioural sequence decoded with the HMM from (a). (c) The
time in each state over a 24 hour day (12:12, light:dark). ’*Active awake’ if most prevalent during
the morning and evening, and ’deep sleep’ is dominant in the early night. (d) Quantification
of (¢). Mean and 95% ClIs are plotted. e A kernel density estimate of the lengths of each states
(mins.). f Minimum and maximum lengths of each state with their mean (dotted line) and
median (solid line), the x-axis increases in increments of logh. ’Deep sleep’ and ’light sleep’
have little overlap (10-11 mins.). The y-axis indicates the percentage of states that contain at
least one inactive observable. g The likelihood of being asleep as being predicted by the HMM
(green) and the five-minute rule (yellow) (12:12, light:dark). h Quantification of (g). HMM
predicted sleep is 15.4% more than the five-minute rule.
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4.4.4 Validating the models predictions

A model’s description is all conjecture unless it can be shown the predicted behavioural states
are reflected in how it interacts with real world stimuli. For sleep the most obvious change
in interaction is a reduced response to external cues [386], the measure by which sleep was
established in D.melanogaster. Typically, by mechanical stimulus [274, 275, 35, 189], although

there are examples of light [190] and heat being used as a stimulus [71, 185].

However, perception and response to external stimuli is not linear against magnitude but is
discriminative. As shown by sleeping humans response to their own names [387] as well as
conceptually similar observations in model mammals [388, 389]. This concept has recently
been applied to D.melanogaster in French et al. where during sleep bouts, the response rate to
differing puffs of air borne odours changed depending on the salience and hunger state of the

fly [221].

Utilising a solution of apple cider vinegar diluted to 10% strength in water (ACV), which
was established as a strongly salient odour in French et al., and a modular extension for the
ethoscope (see Methods), 1 probed the activity of male, wildtype flies by delivering a puff of
air or ACV after 30 seconds of immobility [221]. The delivery was gated by a randomising
function that only allowed the puff to be delivered 10% of the time, so as not to over challenge
the flies, whilst providing ample coverage of all states. A wake event was classified if there was

any movement within 10 seconds post puff.

Response rate per state for both puffs of air and ACV were significantly different from each other
and their respective spontaneous movement, confirming the predicted states are representative
of a change in the internal behavioural state (Air: deep sleep = 0.03 std:0.01, light sleep =
0.17 std:0.17, quiet awake = 0.2/ std:0.206, active awake = 0.50 std:0.40, ACV: deep sleep =
0.045 std:0.04, light sleep = 0.28 std:0.17, quiet awake = 0.40 std:0.19, active awake = 0.6
std:0.26) (Fig. 4.4.a). Likewise with French et al. [221] this work demonstrates the salience of
the odour dictates the arousal threshold, with the flies more likely to respond to ACV in all

states compared to air (Air: avg. = 23.8%, ACV: avg. = 34.2%).
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Of particular interest is the differing response rates between the earlier parts of ‘quiet awake’
and ‘light sleep’, given temporally the states can be thought of as transitory states often only a
few minutes apart that transition frequently into each other (Fig. 4.4.b&c). ‘Light sleep’ bouts
from 2-5 minutes have a lower response rate (32.6%) to comparable ‘quiet awake’ bouts (44.0%),
which suggests flies are entering sleep much earlier than 5 minutes, a refutation of the 5-minute
rule. If true it means we have been chronically underestimating sleep in D.melanogaster as
well as possibly under sleep depriving them if assays were only triggering a sleep deprivation

routine after 5 minutes.

Comparing the sleep states there is a large difference in response, ‘light sleep’ (ACV = 28.0%),
‘deep sleep’ (ACV = 4.60%) (Fig. 4.4.a). This could potentially be strong evidence that
sleep is not monophasic in D.melanogaster but more like the multi-phasic mammalian sleep
that also has differing arousal thresholds per sleep state [14, 13, 25]. However, as mentioned
previously the sleep state predictions are not transitory from ‘light sleep’ to ‘deep sleep’ over
time immobile, but a block classification given the total length of time that bout is immobile.
This is clearly demonstrated in the 0% response rate for ‘deep sleep’ during the early periods of
the bouts (1-10 minutes) as any positive response would fix the total bout length to 10 minutes
or less, resulting in a ‘light sleep’ classification and therefore bringing ‘deep sleeps’ response

rate down (Fig. 4.4.b).

As the criteria for sleep is time immobile, looking at the response rate over minutes inactive
we can see a gradual decrease in response rate from minute one (Fig. 4.4.d). There is no large
change as seen in earlier studies [71] or what we could expect given the large arousal difference

between ‘light sleep” and ‘deep sleep’.

The aberration in response rate over time for ‘light sleep’ is evident in the rapid increase in
responsiveness after 8 minutes, surpassing the response rate seen during ‘quiet awake’ and
approaching that of ‘active awake’ (Fig. 4.4.b). It is highly unusual that a fly, having remained
immobile for such an extended period, would exhibit a responsiveness comparable to an active

fly. This trend is not mirrored in the response rate of inactive flies (Fig. 4.4.d).

When ‘light sleep’ is manually classified into bouts of maximum lengths of 5, 7, 11, 15, or
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20 minutes, the upward trend in response rate persists (Fig. 4.5). This suggests a selection
artefact: the closer a bout approaches its upper time limit, the more likely it is that the fly
wakes up, which is then recorded as a positive response. Flies that do not respond are more
likely to remain asleep for an extended period, transitioning into a state classified as ‘deep
sleep’. This quirk in classification appears to influence the interpretation of response rates
during ‘light sleep’, as it skews the data towards increased wakefulness near the upper limit of

the sleep bout.

To assess whether the state transition probabilities captured the daily dynamics of fruit fly
sleep, we generated 1000 simulated runs (see Fig. 4.4). Each simulation was initialized in
the ’active awake’ state—reflecting the most likely state at the start of the day—and allowed
to evolve over two simulated days. However, the resulting sequences failed to reproduce the
characteristic daily patterns of fruit fly activity (Fig. 4.3.c). Instead, the state probabilities
quickly converged to a narrow range between 20% and 40% for all states. This convergence
suggests that the estimated transition probabilities do not inherently incorporate information
about the circadian rhythm. It appears that the assumption of stationarity in these probabilities
neglects the time-varying influences present in biological systems. These findings are consistent
with the work of Abhilash and Shafer, who demonstrated that accurate modelling of the two-

process model of sleep requires more dynamic descriptive equations [301].
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Figure 4.4: Each predicted HMM state has a unique arousal threshold.

(a) The likelihood of a fly moving after the delivery of a puff of air or apple cider vinegar (ACV)
in each state. Each state’s response rate was significantly different compared to each other and
the type of stimuli. Spontaneous movement was calculated as the likelihood of moving after a
mock puff. The mean and 95% ClIs are plotted. Significance between air and ACV is denoted
with *’s (*** < 0.001). Significance between states is denoted by the letters a (to 'deep sleep’),
b (to 'light sleep’), ¢ (to ’quiet awake’), and d (to ’active awake’) (b) The response rate of
each state to ACV at different time points during a bout. The mean and 95% Cls are plotted.
For most time points response rates are separate, except for between 10 and 11 minutes for
light sleep’. (c¢) Quantification of "light sleep’ and ’quiet awake’ between 2 and 5 minutes as
highlighted by the dotted box in (b). The response rate of "quiet awake’ was 11.4% greater than
light sleep’. d The response rate of a fly as they are consecutively active (green) or inactive
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Figure 4.5: Manually segmenting light sleep classification reproduces an uptick in
response rate at the end.

Sequences of inactivity were manually segmented to be less than 5, 7, 11, 15, and 20 minutes.
This segmentation replicated the uptick of response rate at the end of the bout, identifying it
as a quirk of the modelling and not a behavioural trait.
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4.5 Discussion

The model appears to accurately predict four behavioural stages in D.melanogaster as measured

by arousal threshold, including two sleep states.

Taken at face value, the model appears to be a strong additional tool in describing D.melanogaster
sleep. The model can be retroactively applied to flies of the same or similar background to
provide more information on the type or quality of sleep the fly is getting in response to the
experimenter’s conditions. The model can also be trained on mutants or variants to see if there
are differences in their baseline sleep. Although not shown here, the same model architecture
was used to train a model with wildtype female CS flies, producing a slightly different transition

matrices.

The validation of the model can be critiqued as the decoding is applied retroactively to the
response dataset. For example, taking a period of immobility of 1.5 minutes. At 1.5 a puff is
given, a positive response will generate an observable sequence of [‘immobile’; ‘moving’] and
a negative response [‘immobile’; ‘immobile’]. The former would likely be classified as ‘quiet
awake’ and the latter as ‘light sleep’, so the response can be seen as dictating the state and not
the other way round. This can be clearly seen for the response rate at 1 minute for ‘light sleep’
and less than 10 minutes for ‘deep sleep’ which are both 0%, as any response would change the
classification to ‘quiet awake’ and ‘light sleep’ respectively (Fig. 4.4.b). However, this is not
true of all time points in a state. For example, the differing response rate between 2-5 minutes
for ‘light sleep” and ‘quiet awake’ (11.4%) (Fig. 4.4.c). At these given times the response has no
bearing on the classification, yet there is a clear difference in average response rate, indicating

the model is reflecting something true to reality.

Observing the variance of the sleep states, it can be clearly seen that when responding to
ACYV ‘light sleep’ has large variance with some flies continually responding in ‘light sleep’ and
others never responding (Fig. 4.4.a). In comparison ‘deep sleep’ has some variation but it
is considerably smaller for ACV response, with air response being mostly 0%. This could be

explained by natural variation within flies, how each fly’s arousal threshold changes with sleep
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and how salient they find ACV. But when this is viewed in parallel with the gradual decrease
in response rate over time inactive (Fig. 4.4.d) it can inform a different view, one that there are
no separate sleep states. The HMM segments time inactive into two discrete states that have
differing response rates. If you were to artificially segment your own states by time inactive, say
every additional 5 minutes inactive is a new sleep state you would still get differing response

rates per state as the response rate is always decreasing till roughly 20 minutes.

It could be viewed that the lowest response rate around 2-5% of deep sleep is the baseline
response rate for a sleeping fly in general. What we see as a decrease in response rate is an
increasing likelihood that a fly is asleep. In other words, during ‘light sleep’ we see only a
fraction of the flies asleep at this time and this fraction causes the overall decrease compared
to ‘quiet awake’. This would also explain the high variance, as it is a population mix of awake
and sleeping flies. The ‘deep sleep’ state is then just a period when it is most likely all flies
are asleep. This logical issue is one that affects the 5-minute rule too, as experiments were just

looking to find the first moment in time response rate changed significantly [275].

Overall, the HMM does provide greater insights for describing D. melanogaster sleep beyond
the traditional framework. The HMM described here demonstrates that flies are sleeping for
shorter bouts than previously accounted for and that arousal threshold changes with time
inactive. However, as with any measure that relies upon activity data and arousal threshold
alone, it can only be used as an informer of the likelihood that a fly is asleep, which in turn
can be used in general population statistics. But it is not much closer to classifying sleep on

an accurate individual basis in flies, much like the 5-minute rule.

4.6 Applying the hidden Markov model

to multiple Drosophailids

The power of the insight from HMMs can be explored by how differing sleep backgrounds

entrain the model. The Drosophila genus has a wide variety of species, many thriving in
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highly divergent ecological niches in comparison to the generalist of the genus D. melanogaster
[232, 230, 390]. These niches require differing behaviours that are reflected in their sleep
patterns [391, 392, 334, 393].

4.6.1 Species background

The classification of Drosophila species dates back to the seminal work of geneticist Alfred
Sturtevant in the 1920’s, who organised 242 specimens into subgenera and species [394, 229,
395, 396]. Since then, over 1200 species have been identified, with 90% belonging to either
the Sophophora or Drosophila subgenera. These subgenera are further divided into groups and

subgroups [397].

In this study, seven Drosophila species were selected from different ecological niches and global
regions. To provide a comparative baseline, a wild-caught strain of D. melanogaster was in-
cluded alongside the standard lab strain. Of the selected species, only D. virilis belongs to the

Drosophila subgenus, while the others fall within the Sophophora subgenus (Fig. 4.6).

Sophophora subgenus

Within the Sophophora subgenus, there are three primary clade of the species presented: (1) D.
melanogaster, D. simulans, and D. sechellia; (2) D. erecta and D. yakuba; and (3) D. willistoni.
D. melanogasterr, a global generalist, is thought to have originated in sub-Saharan Africa and

spread globally over the last 10,000 to 15,000 years [230, 398, 231].

D. simulans is the closest relative to D. melanogaster in this study, diverging between 2-3 million
years ago and is also a generalist species. Unlike D. melanogaster they prefer more unpopulated
areas, specifically those areas in Eastern Africa, Madagascar, Seychelles and Mascarene islands
[390]. D. simulans is joined in the Seychelles by its nearest relative, the aptly named D.
sechellia. D. sechellia is endemic to the Seychelles and is specialised towards the typically toxic
fruit Morinda citrifolia (morinda) [390]. The toxin in morinda, octanoic acid, is preferentially

sought by D. sechellia when it is avoided by others. Demonstrating a preference rather than
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an indifference to the toxin. This preference and adaptation were found to be multifactorial
genetically [399]. In fact, this adaptation was found to have a negative pleiotropic effect,
reducing the number of ovariaoles by 50-60% in comparison toD. simulans. This led to egg
production rate 60% of their cousins. This reduction could be partially reversed when allowed

to oviposit on morinda rather than lab media [400, 401].

Adaption to morinda has also lowered the production rate of L-dopa, the dopamine precursor, as
it is supplemented from the fruit. D. simulans on non-morinda diets have reduced L-dopa level,
but contradictorily elevated levels of dopamine when compared to D. melanogaster [402]. As
of now, there are no conclusive theories to the contradictory levels both L-dopa and dopamine,

although some have suggested that it could be to shield against octanoic acid [402].

The next clade includes D. erecta and D. yakuba, both native to sub-Saharan Africa. While

Subgenus
Sophophora D.melanogaster

D.simulans

D.sechellia

D.erecta

D.yakuba

D.willistoni

Drosophila

D.virilis

T 17 V1 T 1 T
40 30 20 10 O

Divergence in Myr

Figure 4.6: A partial pylogenetic tree of the selection of Drosophila used in this
study.
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D. yakuba is a generalist, D. erecta is restricted to the coastal regions of the Gulf of Guinea,
specialising in Pandanus fruit. Seasonal availability of Pandanus forces D. erecta to feed and

breed on alternative fruits during off-seasons [390, 403].

D. wnllistoni, the most distantly related species in this subgenus, inhabits regions stretching

from southern Florida to South America and the West Indies [404, 405].

Drosophila subgenus

In the Drosophila subgenus, D. virilis is characterised by its cosmopolitan distribution and evol-
utionary adaptability. Originally thought to have emerged in the arid regions of Iran/Afghanistan
or the forests of China, D. wvirilis is now widespread globally [406, 407, 408]. D. wvirilis have
been used as a model in study the evolutionary components of their rapid expansion into novel
habitats [408]. Its adaptability is linked to various traits, including weak species discrimina-
tion during mating [407], variable male courtship songs [409], and high tolerance for extreme
temperatures [410], high altitude [411] and ethanol [412]. Notably, D. wvirilis is approximately
30% larger than the other species in this study, which limited its movements partially in the

glass house tubes [393].

4.6.2 HMM derived sleep for Drosophilids

Baseline activity data from all species was utilised to train a four-state HMM, as previously
described. Notably, for wild D. melanogaster, the pre-trained HMM from the lab strain of D.
melanogaster was applied due to persistent aberrations observed in the species-specific HMM.
Arousal thresholds were assessed through mechanical stimulation using puffs of air, as opposed

to ACV, due to varying levels of salience to the odour among species.

All species displayed similar circadian rhythms, with peaks of ‘deep sleep’ during the midday
siesta, except for D. erecta, whose midday siesta predominantly consisted of ‘light sleep’ instead
(Fig. 4.7.a). This deviation in D. erecta is consistent across the day, with a ‘light sleep’ to

‘deep sleep’ ratio of 10.2:1 —almost ten times greater than the average ratio of 1.5:1 observed
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in other species. The total amount of ‘deep sleep’ was relatively consistent across 6 of the 8
species, averaging around 20%. However, D. erecta and D. simulans were outliers, with 5.0%

and 30.0% of total sleep as ‘deep sleep,’ respectively.

‘Deep sleep’” generally exhibited a reduced presence during daylight hours compared to ‘light
sleep,” except during ZT12-15, at the beginning of the night (Fig. 4.7.a). The exception was
D. erecta, which displayed its highest amount of ‘deep sleep’ during this period, though it still
did not surpass the amount of ‘light sleep’. Previous studies have demonstrated that the first
three hours of the night typically contain the longest bouts of sleep, aligning with observations

of ‘deep sleep’ prevalence in this window [283].

The findings suggest that while the overall architecture of sleep is conserved across the Droso-
philids, the specific patterns and distribution of sleep states can vary significantly, potentially

reflecting ecological or evolutionary adaptations specific to each species.

All trained models applied the same criteria for demarcating ‘light sleep’ from ‘deep sleep,’
based on the duration of sleep bouts, as discussed previously (Fig. 4.8). For D. melanogaster,
the threshold at which ‘light sleep’ was reclassified as ‘deep sleep’ was set at 11 minutes, the
shortest of all species examined. The thresholds for the other species were as follows: D.
simulans at 12 minutes, D. sechellia at 15 minutes, D. erecta at 26 minutes, D. yakuba at
12 minutes, D. willistoni at 23 minutes, and D. wvirilis at 17 minutes. Notably, D. simulans
exhibited a threshold similar to D. melanogaster but displayed a much higher overall time spent
in ‘deep sleep’ (30% compared to 17%), suggesting a higher frequency of entering consolidated
sleep (Fig. 4.7.a&Db).

D. willistoni, despite having a high threshold for ‘deep sleep,” exhibited an average total time
spent in this state. This likely indicates that D. willistoni achieves its ‘deep sleep’ through

longer, though less frequent, bouts of consolidated sleep.

D. erecta demonstrated the highest threshold at 26 minutes, coupled with the shortest max-
imum duration and spread of ‘deep sleep’ (Fig. 4.8). This may explain its low total amount of

‘deep sleep,” as the species enters long consolidated sleep bouts infrequently and for shorter peri-
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ods. One possible explanation for this could be an overestimation of the ‘deep sleep’ threshold
by the model. This is suggested by the observation that D. erecta spends 54% of its time in
‘light sleep’—defined as inactivity bouts between 1 and 26 minutes. Interestingly, the median
response rate for ‘light sleep’ in D. erecta is 25%, which aligns with other species. If the pre-
dicted ‘light sleep’ included both ‘light” and ‘deep sleep’ states, the response rate would likely be
lower than the species average. Furthermore, there is no obvious difference in the response rate
over time during inactivity for D. erecta compared to other species, as it consistently decreases

over time (Fig. 4.7.c).

If long consolidated sleep is crucial for Drosophilids, D. erecta might be an outlier, achieving
the functions typically associated with ‘deep sleep’ through shorter sleep bouts, a phenomenon
observed in other species across the animal kingdom [123]. This potential adaptation could
reflect a unique evolutionary strategy within the species, allowing it to meet its physiological

needs through a distinct sleep architecture.

The total amount of ‘light sleep’ varies significantly among species, with wild D. melanogaster
exhibiting the least (21%), which is notably lower than that of the lab strain. This reduction
in ‘light sleep’ is compensated by increased time spent in the ‘active awake’ state (Fig. 4.7.b).
This discrepancy highlights the utility of the same HMM for quickly visualising differences
between experimental groups, demonstrating that wild D. melanogaster tends to sleep less, at

the expense of shorter bout sleep, not longer consolidated sleep.

In general, all species tend to spend more time in ‘light sleep’ than in the ‘quiet awake’ state,
with the exception of wild D. melanogaster. Across all species, the response rate during ‘light
sleep’ is significantly higher than during ‘deep sleep’ (Fig. 4.7.d), indicating that the model
consistently differentiates between these sleep states, regardless of arousability. The response
rates for ‘light sleep’ range between 20-40% across most species, except for D. yakuba, which
exhibits a notably lower response rate of 12%. This lower response rate in D. yakuba could
suggest that this species enters a deeper sleep more quickly. However, D. yakubas’ response to
air puff stimulation is low across all states except ‘active awake’ (Fig. 4.7.c&d), which might

indicate a greater tolerance to disturbances during restful states.
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Figure 4.7: Each Drosophilid HMM has a unique profile and sleep pattern.

(a) The time in each state for D. melanogaster CS (dark grey), D. melanogaster wild caught
(light grey), D. simulans (brown), D. sechellia (green), D. erecta (orange), D. yakuba (yellow),
D. willistoni (pink), D. virilis (purple). Most of the species have a peak in 'deep sleep’ between

ZT12-15 & ZT22-24 (grey boxes).

(b) Quantification of (a). Mean and 95% CI's. (c) The

response rate per Drosophilid to a puff of air over time inactive. All species have linear decrease
in response rate till the approximately 15 minutes. d The likelihood of a Drosophilid moving
after the delivery of a puff of air in each state. Significant difference in response rate between
light sleep’ and ’'deep sleep’ is denoted by a. Significant difference between ’light sleep’ and
‘quiet awake’ is denoted by c.
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While all predicted ‘light sleep’ states showed greater arousability across species, this trend
was not observed when comparing ‘light sleep’ to ‘quiet awake’ (@, b = significance from ‘light
sleep’ against ‘deep sleep’ and ‘quiet awake’; a = significance between ‘light sleep’ and ‘deep
sleep’) (Fig. 4.7.c). Interestingly, only D. melanogaster and D. willistoni displayed arousal
thresholds for ‘quiet awake’ that were significantly higher (40-60%) compared to other species
(10-30%). There is no clear explanation for this difference, although both D. melanogaster
strains exhibit a broader range of ‘quiet awake’ durations and a lower proportion of time spent
in pure movement during wakefulness (Fig. 4.8). However, these trends do not extend to D.

willistoni.

One notable similarity among the groups with higher ‘quiet awake’ arousal thresholds is their
elevated spontaneous movement, averaging between 20-30%, which is comparable to the spon-
taneous movement observed in the ‘active awake’ state. This higher level of spontaneous move-
ment likely reflects a heightened baseline alertness in these flies, as it indicates more frequent
micro-movements during ‘quiet awake.” On average, 50-70% of ‘quiet awake’ bouts are homo-
geneous for movement, similar to the longer bouts observed during ‘active awake’ (Fig. 4.8).

It is therefore surprising that baseline activity is not higher in other species.

Given that a puff of air is delivered after 30 or 150 seconds of immobility, the data is inherently
biased toward bouts of ‘quiet awake’ that are heterogeneous. It is possible that homogeneous
‘quiet awake’ bouts, which may align with the higher arousal thresholds seen in D. melanogaster,
are more resistant to arousal, while heterogeneous bouts might include instances where other
species quickly transition into sleep. However, this hypothesis is not supported by the response
rate over time (Fig. 4.7.d), as all species except D. yakuba exhibit a higher response rate at one
minute compared to the lab strain of D. melanogaster. This inconsistency makes it challenging
to definitively conclude whether the ‘light sleep” observed in 5 out of 8 species truly represents

a distinct sleep state, as their arousability does not change markedly.

For all species, the likelihood of responding to a puff of air diminishes the longer they remain
immobile (Fig. 4.7.d). The baseline response to the stimulus at one minute of inactivity varies

across species, with wild D. melanogaster showing the highest response rate and D. yakuba
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the lowest. By approximately 15 minutes of inactivity, the response rates among the different
species converge and become indistinguishable from one another. At this time point, the HMM
would predict a transition into ‘deep sleep’ for 6 out of 8 species (rounding down D. wvirilis’
17-minute threshold). However, for D. erecta and D. willistoni, the model would still classify

them as being in ‘light sleep.’

Given that D. erecta and D. willistoni both exhibit average to high response rates during ‘light
sleep,’ it is likely that most interactions occurred during shorter sleep bouts, which keeps the
average response rate high. This observation suggests that the model might be overestimating
the duration of ‘light sleep’ for these two species since their arousal thresholds do not decrease

after 15 minutes of immobility.

As previously discussed, it is challenging to discern whether the decreasing response rate over
time indicates a higher likelihood of transitioning into a different sleep state with a higher
arousal threshold, as described in van Alphen et al. [189], or if it simply reflects a higher
proportion of the flies being asleep. If sleep across all species were categorised into 0-10 minutes
as ‘light sleep’ and over 10 minutes as ‘deep sleep,’ the same differences in response rates would
likely be observed. However, the HMM provides valuable insights into the distribution of sleep
bouts, such as identifying when long, consolidated bouts of inactivity occur and when sleep is

more sporadic and brief.

For instance, the model reveals that D. erecta and D. sechellia tend to have shorter bouts of
long, consolidated sleep, whereas wild-caught D. melanogaster have fewer short sleep episodes
due to higher energetic activity. This ability to quickly visualise and quantify the patterns of
sleep across species highlights the utility of the HMM in comparative sleep studies, despite the

challenges in interpreting the nuances of arousal thresholds and sleep state transitions.
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Figure 4.8: Distribution of the lengths of HMM states per Drosophilid.

A kernel density estimate of the bout lengths of each HMM state and the minimum and
maximum lengths with mean (dashed line) and median (solid line) per Drosophilid. Each species
has ’deep sleep’ and ’light sleep’ segmented by time inactive. The y-axis of the minimum and
maximum plots indicates the percentage of states that contain at least one inactive observable.
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4.6.3 Interpreting Sleep Rebound with HMMs

Circadian rhythms appear to be tightly regulated across Drosophilids, with all species showing
morning and evening peaks in activity and consolidated sleep during the night. In D. melano-
gaster, mechanical sleep deprivation results in longer and more consolidated sleep during recov-
ery, characterised by extended sleep bouts, higher arousal thresholds, and fewer awakenings.
A strong homeostatic response to sleep loss [275, 274, 71, 189, 35]. However, not all forms
of sleep deprivation produce this rebound effect. Males kept awake through female interac-
tion, for instance, show no sleep rebound [122, 413]) and sleep deprivation via activation of
wake-promoting neurons only causes rebound in one of three sub-stypes [285]. This raises the
question of whether all forms of sleep deprivation are equally effective and whether the rebound

circuitry is conserved across different species.

To investigate sleep rebound across various Drosophilid species, flies were sleep-deprived for a
single day (Fig. 4.9.a), and the first three hours of morning activity were quantified using a
HMM. Sleep deprivation was achieved through targeted mechanical awakening after 30 seconds

of inactivity, using an ethoscope accessory module (see Methods).

Surprisingly, a clear sleep rebound was observed only in D. melanogaster (Fig. 4.9.b). The
lab strain of D. melanogaster showed a substantial increase in ‘deep sleep’ (44%) compared to
its non-sleep-deprived control (19%), with a corresponding reduction in ‘light sleep’ to control
levels. In contrast, the wild strain of D. melanogaster exhibited an increase in ‘light sleep’ but

no significant increase in ‘deep sleep’.

None of the other species studied displayed significant changes in either ‘deep sleep’ or ‘light
sleep’ following sleep deprivation (Fig. 4.9.b). Counterintuitively, D. wvirilis exhibited an in-
crease in ‘active awake’ time. Homeostatic rebound is considered one of the defining charac-
teristics of sleep [11, 414, 24]. Based on this criterion, it could be argued that, among the

Drosophilids studied, only D. melanogaster exhibits true sleep as traditionally defined.

A study by Joyce et al., which includes some of the data presented here, attempted to replicate

the sleep deprivation experiments with two modifications: flies were deprived of sleep through
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male-male interaction, and the duration of sleep deprivation was extended to seven days [334].
Under these conditions, sleep rebound was observed in D. simulans, D. sechellia, and D. yakuba,
in addition to both strains of D. melanogaster. All these species are closely related (Fig. 4.6),
except for D. erecta, which showed no rebound within this clade. More distantly related species,

such as D. willistoni and D. wirilis, also showed no sleep rebound.

d

Rebound period

14 = = = ,quantified below
AA 1
b, !
0.8/ v .
1
/ N
0.6 R '
Wiy |
0.4 4
]
A
0.2-/ | 1
: i 1
\ . I 1
/ '8 » ) y " 1
0 IR R ’\ A ¢ A ! . :
60 66 72 78 84 90 96 102 108
Lk D.sim D.se D.ere D.yak D.wil D.vir
(wild) .S .sec .e .y X !
b n=46 n=46 n=46 n=46 n =46 n=46 n=46 n=48
1 . @ &I sleep deprived e me smm: mm
kk . .Nonsleepdeprivedcontrol . : LI
08{ °
4 -
- B - ke
0.6 é .o ¢ - x
° . ke o ¢ ’ .
[ g 7 N . * . - Py N
0.4 1 ! : ¢ 88, ’ i
.- e Tl g v i RRS od o T
oo Gilify 1 gt AT TR g g
£t t * =} : - SR ST T .
0 1 1 l#‘l L] 1 :’l L] L] al L] 1 1 T L] L] #l L] -
. foe bgn D Den Dyok Dml Do . fod Ddm  Dsec Dew Dyk Owl B . how Dum  Dsec Dere Oywk Bl Doir

Figure 4.9: Only D. melanogaster exhibits homeostatic sleep rebound after mech-
anical sleep deprivation.

(a) Mechanical SD via rotation of the tube housing the fly reduces sleep to a minimum over 24
hours. Homeostatic rebound sleep is measured in the first 3 hours after lights on (red dotted
box). D. melanogaster CS (dark grey), D. melanogaster wild caught (light grey), D. simulans
(brown), D. sechellia (green), D. erecta (orange), D. yakuba (yellow), D. willistoni (pink), D.
virilis (purple). (b) Quantification of the time in each HMM state during the rebound period
against non-SD controls (grey). Significant difference to controls is denoted by *’s (** < 0.01,
ik <0.001). Only D. melanogaster (CS and wild caught) had an increase in sleep post SD.
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4.7 Discussion

The results of this study illuminate the divergent evolutionary pathways in the homeostatic
regulation of sleep across Drosophila species. Sleep rebound following mechanical perturbation
has long been considered a hallmark of Drosophila sleep, especially within D. melanogaster
strains and mutants [71, 129]. However, our findings suggest that this sleep rebound mechanism
is predominantly limited to D. melanogaster, with notable variation even within the species,

particularly between wild and laboratory strains.

The wild D. melanogaster strain exhibits shorter, more frequent rebound sleep, likely due to
the heightened risk of predation in natural environments, necessitating greater vigilance. In
contrast, the laboratory strain, CS, which has been inbred for decades under conditions with
minimal predation pressure, has potentially had a drift in its homeostatic sleep regulation.
This is consistent with observations in other species, such as cavefish populations, where sleep
patterns have adapted in response to environmental pressures like low nutrient availability
[125, 127, 126]. Similarly, significant natural variation in locomotion has been documented
within CS populations [415]. Indeed, the wild D. melanogaster strain used in this study was
selected from twelve distinct strains, each with a unique sleep profile, the chosen one being

most similar to CS.

The observed differences in sleep rebound suggest that while D. melanogaster retains its homeo-
static control, albeit altered, this mechanism appears absent in species like D. erecta, D. wil-
listont, and D. virilis. Furthermore, in D. simulans, D. sechellia, and D. yakuba, sleep rebound
was only observed following male-male sleep deprivation. According to the criteria often em-
ployed in animal sleep studies [24, 10|, the absence of rebound in these species might classify
them as non-sleepers. However, this classification conflicts with the evident increase in arousal

thresholds accompanying immobility, which is arguably a stronger criterion for defining sleep.

If we accept that these species do sleep, our findings lend support to the adaptive sleep theory,
which posits that sleep evolved as a strategy to reduce predation risk and prevent evolutionary

drift into alternative ecological niches [131, 132, 133, 134]. The lack of sleep rebound following
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chronic sleep deprivation in non-D. melanogaster species [334] could indicate that sleep in
these species serves no restorative function, existing instead as a circadian-entrained behaviour
that minimizes activity during unfavourable conditions. For instance, D. wvirilis, known for its
adaptability to extreme conditions without speciation, might be utilizing sleep to evade the

most challenging circumstances.

In Joyce et al., we linked sleep rebound after mechanical deprivation with synaptic plasticity,
demonstrating a reversal of the phenotype by reducing the expression of genes involved in
synaptic plasticity [334]. However, this reversal did not occur with male-male sleep deprivation,
implying distinct neural circuits are involved—one related to synaptic strength and the other
to overall possibly related to stress. It is unlikely that the other species lack mechanisms to
manage increasing synaptic strength or are unaffected by the stress of male-male interactions.
These tasks might still occur, perhaps continuously, rather than being restricted to sleep. This
suggests a possible divergence in the evolutionary role of sleep, with these functions becoming

decoupled from sleep in some species.

The evolutionary benefits of this decoupling warrant further investigation. Both D. wirilis and
D. willistoni inhabit extensive ecological ranges and are classified as generalists, much like D.
melanogaster. If the variation in their sleep regulation imposed a significant cost, we might
expect to see it reflected in their adaptability. The absence of such a cost might indicate that
the evolution of sleep in these species has conferred an advantage, allowing them to maintain

flexibility in their response to environmental challenges.



Chapter 5

Classifying sleep beyond movement

5.1 Rationale

To date, sleep in Drosophila has predominantly been classified by the presence or absence of
movement [275, 274]. This straightforward measure has long been the foundation of Drosophila
sleep studies, beginning with the early adoption of the ‘5-minute rule’ of immobility. However,
even in its inception, Hendricks et al. described additional behavioural markers, noting that,
“prior to resting, the flies turned away from the food, walked a few millimetres and then
adopted a supported position, usually prone” [275]. The challenges in consistently reproducing
such qualitative observations, combined with the ease of simply measuring activity, led to the
5-minute rule becoming the dominant paradigm in Drosophila sleep research for the last two

decades.

Recent advancements in recording resolution and computational modeling have begun to chal-
lenge this simplistic view, raising the question of whether sleep in Drosophila can, and should,
be inferred from more than just a lack of movement [283]. This shift necessitates a deeper
re-examination of the criteria used to classify sleep, particularly in light of these technological

developments.

122
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5.2 Background

Sleep, in one form or another, is now understood to be a universal phenomenon across the
animal kingdom, with well-established behavioural and physiological markers in both laboratory
and wild animals [100, 10, 84]. Historically, the gold standard for identifying sleep relied on
synchronised changes in electromyography, electroencephalography , and electrooculography
—standards first proven in mammals and birds [11]. These techniques, while invaluable, are
impractical for many species and are based on the assumption that the markers of sleep in

mammals and birds are universal.

To address these constraints, a set of behavioural criteria for sleep has been proposed that can
be applied more broadly across taxa, such as sleep posture and site, quiescence, and homeostatic
rebound. See the Introduction for more details. These criteria helped identify sleep in various

fish, reptiles, amphibians, and invertebrates such as cockroaches, bees, and octopuses.

5.2.1 Behavioural Criteria for sleep across species

While seemingly more simplistic than electrical recordings, behavioural hallmarks of sleep can
reveal much about its underlying purpose. Humans, for instance, seek shelter and arrange
their sleeping environments to maximise safety, wearing night clothes and using bedding to
promote sleep through localised skin warming [416, 417]. Similar behaviours are observed in
other species: mice construct nests that balance heat conservation with safety [385], and birds
tuck their heads into their bodies for warmth, despite this reducing their capacity for external
detection [418]. These actions provide quick visual cues for classifying sleep and lend insight

into generalised theories of sleep, such as those relating to energy conservation, discussed earlier.

Describing sleep qualitatively is more straightforward in mammals due to their anatomical
and behavioural similarity to humans. Yet, similar observations have been made in smaller,
distantly related species. European jumping spiders, for instance, suspend themselves from silk
threads at night, curling their legs inward and reducing their responsiveness to visual stimuli,

instead relying on vibrations through the thread [191]. During these supposed sleep bouts,
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retinal movements and limb twitching have been observed, suggesting a REM-like state. If
confirmed, this would represent the first documented case of REM-like sleep in invertebrates

[192].

In standard laboratory model organisms, such as Danio rerio (zebrafish), sleep is characterised
by a clear preference for specific locations, either near the surface or at the bottom of the tank,
accompanied by a drooping caudal fin [419, 420]. Similarly, in C. elegans, during the lethargus
stage, distinct postures correspond with reduced arousability, suggesting a sleep-like state that
may shed light on the early evolution of sleep [421]. These postural changes are the standard
method for classifying sleep in these organisms, which, like insects, are difficult to quantify via

electrophysiology.

5.2.2 Behavioral indicators of sleep in insects and Drosophila

Observations in various insect species reveal similar postures during presumed sleep. Flour
moths [183], cockroaches [184], and honeybees [179, 422], for example, relax their bodies, move
closer to the ground, and tuck or lower their antennae. In the case of flour moths, the antennae
are tucked under the wings, while in honeybees, such behavioural changes are accompanied by
electrophysiological shifts, reinforcing the link between posture and sleep. These descriptions

align with Hendricks et al.’s findings [275].

Improvements in video recording technology have renewed interest in studying sleep postures
and behaviours in Drosophila, offering the potential for more accurate sleep classification. In-
vestigations into deep sleep in Drosophila have uncovered rhythmic proboscis pumping which
occurs in short bouts throughout sleep. Some have suggested that this behaviour may play
a role in toxin clearance, echoing a contested theory in mammalian sleep research [264, 66].
Although Hendricks et al. also noted this sporadic protrusion and retraction of the proboscis,
similar behaviour has been observed during grooming, walking, and flight, indicating that it

cannot be used as a definitive sleep marker [423, 424, 185].

Earlier studies relied on tethered flies, likely inducing stress and limiting the natural expression



5.3. Exploring the ethoscope trackers’ variables 125

of sleep behaviour. High-resolution imaging of freely moving flies, viewed in profile and com-
bined with keypoint tracking, has since revealed several distinct micro-behaviours associated
with sleep. Keles et al. confirmed the prone position described by Hendricks et al., and further
identified antennal drooping and a downward (dorsal) shift in the angle of the haltere (”haltere
switch”) during extended immobility. Interestingly, the haltere switch consistently preceded or
coincided with antennal drooping and reversed just prior to arousal triggered by heat or mech-
anical stimulation. If validated, the haltere switch could be a reliable indicator of a sleeping
fly. However, elevated arousal thresholds were sometimes observed without the haltere switch,

suggesting it may represent a sub-sleep state rather than a universal sleep marker [185].

Like mammals [13, 425], birds [158], and, zebrafish [419, 420], flies exhibit preferences for
particular sleeping locations, often choosing areas near, but not directly on, food sources. This

behaviour, however, varies both within and between individuals [244, 185, 35].

The evidence is increasingly clear: Drosophila, like other insects and animals, display distinct
behavioural and postural shifts during sleep. These include a prone position, antennal drooping,
and the unique haltere switch, all of which suggest that sleep in Drosophila is more than just

a state of immobility.

This chapter will explore if the additional data recorded by the ethoscope can be used to
enhance the accuracy of sleep predictions in Drosophila, with the hope that the aforementioned

behavioural markers of sleep are present in low resolution tracking of flies.

5.3 Exploring the ethoscope trackers’ variables

Previous studies using the ethoscope have primarily relied on a single variable output: maximal

diﬂ#@egm, modified by a correction coefficient that maintains

consistency in the metric with variable FPS [316], see Methods. As such, units of velocity are

velocity. Velocity is calculated as

augmented. Ground truth annotation has demonstrated that maximal velocity was the most
reliable predictor of three distinct behavioural states: ‘walking’, ‘micro-movements’ (such as

grooming, eating, or egg-laying), and ‘immobility’ [244]. These three states have formed the
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basis for calculating sleep, activity, and general well being [426] within the Gilestro lab group.

However, the tracking software provides more information than just the centroid data.

5.3.1 Additional variables from the ethoscope

When tracking a fly, the machine vision software generates an ellipse that outlines the fly’s
discernible body mass (Fig. 5.1.a). The (x, y) coordinates are then derived from the centroid
of this ellipse, scaled from 0 to 1, with 1 representing the rightmost and topmost edges of the
region of interest (ROI) box (Fig. 5.1.c). In addition to the centroid data, three other variables

are computed from the ellipse, and a fourth variable is calculated post hoc (Fig. 5.1.b):

H: The length of the longest diameter of the ellipse, representing the distance from the

abdomen to the head (measured in pixels and rescaled to between 0 - 1).

e W: The shortest diameter of the ellipse, representing the width from one side of the body

mass to the other (measured in pixels and rescaled to between 0 - 1).

Area: The area of the ellipse, calculated using the formula:

area = - T

H W
2 2

Phi: The angle between the longest diameter (H) and the lower line of the ROT rectangle

(measured in degrees).

Additionally, velocity per period of time can also be represented as the mean speed or the
standard maximal speed used typically in ethoscopy. This section will investigate whether
these additional variables, either individually or in combination, can serve as predictors of

sleep.
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5.3.2 Variables over time

Due to incomplete tracking and errors whilst the tracking is being established, outliers (outside
3 standard deviations from the mean) were removed and forward filled. After the data was
rescaled to between 0 and 1, to standardise values to an individual’s size and space, see Methods.
Except for Phi and velocity (omitting Figure 5.2), as their values have meaning beyond their

individual variance, such as the angle they were facing in the tube or their top speed.

As shown in Figure 5.2 most variables in the dataset from Geissmann et al. 2019 have much
larger changes in each variables over day and night compared to their counterparts in the ACV
arousal dataset. The cause of this discrepancy is uncertain, as both sets of flies were housed
in similarly sized tubes at the same temperature, using the same wildtype strain (CS). Non-
etheless, significant upgrades to the ethoscope have been made since 2017, including updated
software and a newer version of the PiNoir camera which may contribute to the differences,

see Methods. Additionally, lighting conditions can strongly affect tracking accuracy, which fur-

odour 0 1
tube food

Figure 5.1: Depiction of the variables tracked by the ethoscope.

(a) A still image from the ethoscope as it tracks in real-time. The green boxes are the ROI's
per fly (circled in red) in which it can be tracked. (b) The fly is tracked via a red ellipse around
the fly. Of this ellipse the width (W - blue) and height (H - teal) are recorded, as well as the
angle of H to the lower ROI boundary (phi - purple). ¢ A schematic of the ROI and the tube
housing the fly. X (red) and Y (orange) are the coordinates of the centroid of the ellipse in
relation of its space in the ROI.
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ther complicates direct comparisons. Moving forward, the ACV dataset will be primarily used,

except in one section focused on predicting HMM states.

In the Geissmann dataset, both H (the longest diameter of the ellipse) and W (the shortest dia-
meter) decrease during periods of immobility, leading to a corresponding reduction in the area
of the ellipse. However, in the ACV dataset, this pattern differs: H decreases, but W increases,
and both show much smaller overall changes. Consequently, the area remains relatively stable
in the ACV dataset compared to the Geissmann data. At ZT12, when the lights are turned
off, both datasets show shifts in H and W values. In the ACV dataset, both H and W decrease

sharply, whereas in the Geissmann dataset, H decreases gradually, while W increases abruptly.

It is likely that changes in the tracking software, intended to improve the speed of tracking
during transitions, are responsible for the differences observed at ZT12. However, the complete
reversal in W between the datasets is particularly troubling for comparisons over time, sug-

gesting potential inconsistencies in the way tracking algorithms have processed fly behaviour.

Given the substantial day-night differences observed in the data, from this point onward, only
daytime data will be analysed. This decision is based on the assumption that natural light
provides clearer imagery for tracking than infrared lighting used at night, thereby reducing

potential biases that could influence classification outcomes.
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Figure 5.2: The tracked variables follow a circadian rhythm over the 24-hour day.

All variables were re-scaled to fit between 0 and 1, with 0 being the minimum value found
and 1 the maximal value found per individual. The Geissmann dataset [53] (left) has greater
variation over the day than the ACV dataset (right). Both datasets have changes in the ellipse
variables as the lights turn off (ZT12). The Geissmann dataset was collected in 2018-2019
using an earlier version of the ethoscope. The ACV dataset was collected in 2022-2023 using
an updated version of the ethoscope with newer cameras and tracking software (see Methods.
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5.3.3 Distribution of variables

Often, differences between behavioural states can be observed just by examining the distribution
of variables. To aid in visualisation, the dataset was first decoded using the previous HMM
into four states. The model is considered robust in distinguishing long and short bouts of
immobility, as well as providing a clear separation between the two awake states. In addition,
the plotted variables were restricted to periods where the maximal velocity was less than 1,

indicating immobility.

The Y values have a bell-shaped distribution centered around 0.5 for all states. Since there is
little variation in the Y variable across states or over the day, it will be excluded from further
analysis (Fig. 5.3.b). As shown in Figure 5.2, the X values in the ACV dataset do not shift
towards the food (1) as much as they do in the Geissmann dataset. This is reflected in the
current analysis, where both sleep states are distributed around 0.5 (Fig. 5.3.a). The awake
states are distributed closer to the food source, likely during feeding events, with the active

awake state occupying all regions of the tube.

The ellipse variables (H, W, Area) show similar distributions across states, with W and Area
in the awake states having trailing tails towards 0 compared to the sleep states (Fig. 5.3.d-f).
This results in the awake states having lower averages for W and Area. These differences may
arise because a moving fly’s ellipse appears smaller due to its changing orientation and profile

relative to the camera, although this is not confirmed.

Phi shows the most distinct difference between states. Both sleep states, and to a lesser extent
quiet awake, tend to remain more horizontal in the tube (closer to 0 degrees), while active
awake states are more vertical (closer to 90 degrees) (Fig. 5.3.c). This likely reflects active flies
walking up and down the tube, frequently turning. These turning events likely contribute to

the higher density of Phi values around 90 degrees.

Ground truth experiments from Geissmann et al. [244] demonstrated that mean velocity values
below 1 indicated immobile flies with no behavioural micro-movements. Interestingly, in the

ACV dataset, there is a bimodal distribution of all states where the mean velocity is less than
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1. The sleep states have a tighter distribution, whereas the awake states are more spread out
(Fig. 4.3.g). This contrasts with the Geissmann dataset, which shows a uniform distribution
for both sleep states, with the awake states evenly distributed across the scale. The appearance
of this bimodal distribution in other newer datasets, which also use the updated PiNoir camera
and tracking software, suggests that the higher resolution may be detecting smaller changes in
the centroid over time. Interestingly, the asleep states have few values of mean velocity between

0.7 and 0.75, whilst the awake states have many.
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Figure 5.3: The distribution of each tracked variable per HMM state.

(a-f) The distribution of each ACV dataset variable per HMM states shown in Chapter 4. For
all distributions only instances when the fly was inactive (max velocity < 1) was plotted. (g)
The distribution of mean velocity for both the ACV and Geissmann dataset for inactive flies.
The ACV dataset, which was recorded with newer cameras and has a bimodal distribution of
the HMM sleep states. X, Y, H, W, and Area values are arbitrary values re-scaled to between
0 - 1. Phi values are augmented from 0 - 180 to 0 - 90. Velocity values are modified values of
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5.3.4 Do variables change over immobile bouts?

If posture changes when a fly enters sleep, this might be reflected in shifts in variables from
the start to the end of an immobile bout, potentially indicating the onset of sleep or arousal
in response to an odour. Immobility bouts lasting between 5 and 20 minutes were segmented

into those that ended with a response to an odour puff and those that remained immobile.

Counterintuitively, the X-coordinate significantly increased in both groups from the beginning
to the end of the bout (Fig. 5.4.a). However, the average increase of 0.000175 is exceed-
ingly small and likely represents noise in the tracking. With a relatively large dataset (8199
bouts), even small shifts in averages can be deemed statistically significant. Interestingly,
non-responding bouts occurred closer to the food (1) than responding bouts, although this

expectation was not strongly supported by the distribution of X in the sleep states (Fig. 5.3.a).

Phi exhibited no significant change across bouts or between the groups, as expected, (Fig.
5.4.b). The error bars suggest some noise of approximately +1 degree across bouts. The
non-responding group was on average 2 degrees larger, likely due to a small number of values

clustering closer to 90 degrees.

The ellipse variables (W, H, and Area) showed no difference in distribution or change between
the response groups (Fig. 5.4.c-e). Both groups exhibited a small decrease in these values
towards the end of the bout, with a typical change of about —0.003. However, the magnitude

of this change is minimal, and its biological relevance remains unclear.

Mean velocity is split into the two distributions (Fig. 5.3.g). Both groups experienced a slight
reduction in velocity over time (~—0.002), though as with the ellipse variables, this change is
small (Fig. 5.4.f). There was no difference between the groups for velocities in the higher
distribution (/0.7835), with both decreasing by a similar amount. In the lower distribution
(=~0.657), only the non-responding group exhibited a reduction in velocity, while the responding

group maintained a consistent low velocity throughout the bout.

Given the small scale of these changes, it is challenging to determine whether they truly reflect

behavioural differences or are artifacts of the tracking software’s increased accuracy as the fly
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remains immobile.
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Figure 5.4: Tracked variables change over the bout with no difference between non-
responding and responding bouts.

(a-e) The value of a variable at the start of a bout of inactivity (t0) compared to the value
10 seconds before a puff of apple cider vinegar is delivered. Inactive bouts that ended with a
response (coloured) were not different to bouts with no response (grey). All bouts of inactivity
were between 5 and 20 minutes long. f Same as in (a-e), except the plots are split between
the two distributions of mean velocity seen in Figure. 4.3.g. X, Y, H, W, and Area values are
arbitrary values re-scaled to between 0 - 1. Phi values are augmented from 0 - 180 to 0 - 90.
Velocity values are modified values of ™%

s "
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5.3.5 Are responses dependent on the variable value?

The distribution and changes in the variables do not appear to differ significantly between
groups. However, not all predictions of sleep may hold true. It is possible that some flies are
simply resting, which could blur the groupings. A better indicator of the relationship between

variables and behaviour might be the arousal threshold at different variable values.

The largest difference in the mean between populations is observed in the X variable, where
flies that do not respond are, on average, closer to the food (1) (Fig. 5.5.a). This is driven by a
consistent decrease in response rate as X increases from 0 to 1. Immobile flies responded to the
odour puff approximately 80% of the time when positioned between 0—0.1, but only around 1%
of the time when near 0.9-1. As discussed earlier, flies tend to sleep near their food source, and
bouts occurring between 0.6 —1 all have roughly similar response rates. However, it is important
to note that the odour delivery tube was positioned at X = 0, meaning the mechanical effect
of the puff would be strongest near the tube (Fig. 5.1.c). This makes it challenging to separate

the mechanical influence from the effect of X position on response behaviour.

Neither Phi nor H seem to affect the response rate as these variables change, which is expected
given their minimal variation throughout the bouts (Fig 5.5.b&c). While awake flies are more
likely to be perpendicular in the tube (with higher Phi values) and tend to prefer a horizontal
orientation when immobile (Fig. 5.3.c) they are not strictly constrained by this and can sleep

in a perpendicular position.

W shows more variation in response rate (Fig. 5.5.d). Focusing on the range of W between
0.4 — 0.8, which accounts for 82% of the predicted sleep bouts, there is a gradual increase in
response rate as W increases from 0.5 to 0.8, with an effect size difference of around 20%.
However, there is some overlap in bootstrapped estimates of mean distribution. Since no
distribution differences were observed between long and short bouts of sleep for W (Fig. 5.3.¢)
it is unlikely that these changes are due to longer sleep bouts causing a smaller W. It is possible
that W reflects some aspect of the sleep state, although the relationship is not robust, given

the variation between groups and the gradual nature of the effect size difference. As H remains
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relatively constant, Area follows the same pattern as W, with an increase in response rate from

2—0.5 (Fig. 5.5.e).

Interestingly, the largest effect size difference is observed in the 0.7 — 0.75 group, which was
previously shown to be primarily the values for awake states rather than sleep (Fig. 5.3.g &
Fig. 5.5.f). Flies with a mean velocity of 0.75 response rate is approximately 12% higher than
those at 0.65. Velocities only 0.5 smaller or larger, 0.65 and 0.75, both have lower response
rates, as well as 0.60. Both 0.7 and 0.8 contain files that always responded or never responded,
creating a bimodal distribution compared to the bell-shaped distribution of the others. Given
response to an odour is not a given in awake flies (Fig. 4.4) but more likely, 0.7 and 0.8 could
be an immobile velocity of an awake fly. 0.7 had the lowest n. of all the groups, but this was
not much lower than the others (0.6: n. = 87, 0.65: n. = 90, 0.7: n. = 60, 0.75: n. =

125, 0.8: n. = 108), and unlikely to be the explanation for the difference.

In contrast, maximum velocity provides little information about sleep, as the response rate
changes minimally across the range, except near 0.95, which likely corresponds to its closeness
to the threshold for micro-movements (Fig. 5.5.g). This reinforces the idea that velocity
decreases and increases even in immobile flies, possibly a measurement of even smaller posture

changes or rhythmicity.

5.4 Predicting sleep with machine learning

The previous analysis examined each variable in a static manner, comparing the sample mean at
individual time points. However, biological observations are inherently dynamic and subject to
change over time, often making the static approach inadequate for capturing the true nature of
these processes. The ethoscope captures high-resolution data continuously, which is well-suited

for time series analysis and classification.

Behavioural datasets are typically complex, high-dimensional, and exhibit nonlinear depend-
encies. Time series analysis can parse and characterise large signal datasets to provide unique

fingerprints for each class, which can then be fed into machine learning (ML) classification
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algorithms [363, 427]. ML techniques have demonstrated high accuracy in classifying and pre-

dicting behaviours such as grooming and courtship [428, 429].

In human sleep classification, ML tools like random forest classifiers achieve approximately
96% accuracy in categorising sleep states from EEG signals. However, EEG recordings require
complex setups that restrict the users’ movements and environment, leading to a push for sleep
classification from more easily capturable markers such as movement and heartrate. This is the

basis for modern sleep trackers using smart watches [430, 431, 432].

Although there have been no highly successful ML applications for classifying Drosophila sleep
based on behaviour, random forest classifiers have been used to classify sleep states from mul-
tichannel local field potential data with 99% accuracy, distinguishing early, mid, and late sleep
stages despite no obvious differences in simple statistical measures [433]. This study underscores
the challenge of interpreting ML classifiers, particularly the ”black box” nature of random forest

classifiers, which lack clear biological interpretation of the classified states [430, 363].

Plots of the raw time series for the given variables are variable, oscillating higher and lower
around the mean (Fig. 5.6). Notably, changes in Phi are the most pronounced. Although
the fly’s direction is stationary, changes in the ellipse angle (Phi) may reflect alterations in fly
posture. However, these changes could also be inherent noise in the tracking system affecting

Phi, Area, and mean velocity.

To test the null hypothesis of noise, the variables Velocity, Area, and Phi will be labelled in
two ways. First, using the ACV dataset, data will be labelled based on the fly’s response to an
odour puff. Each time series will consist of immobility bouts lasting 5-9 minutes, truncated to
the last four minutes to ensure uniform length. Second, using the HMM training dataset, time
series will be labelled according to their HMM-derived states of ‘deep sleep’ and ‘light sleep’,
with each series lasting 8 minutes. The training dataset was used rather than decoding the

ACYV dataset due to worries the odour puffs will have affected some of the variables.

Since X rarely changes over time and there is a strong likelihood proximity to the odour delivery

tube affects response rate (Fig. 5.5.a), X was omitted from the analysis.
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Figure 5.5: The response rate changes for different values of X, W, Area, and mean
velocity.

(a-g) The value of each variable prior to a puff of apple cider vinegar and its average response
rate. The effect size difference of each group was calculated against the median group of each
variable using the DABEST statistical package.
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Figure 5.6: An example of how variables change over an inactive bout.
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5.4.1 Dynamic time warping classification

Dynamic Time Warping (DTW) assesses the similarity between two time series signals by
computing the distance between them. Instead of using the Euclidean distance, DTW calculates
a warped path that aligns the time series to minimise the loss between corresponding points
in the series. This approach allows DTW to effectively match similar signals even when they
are shifted along the X or Y axes (Fig. 5.7.a). For example, similarities in walking could be
detected even if one person is walking more quickly or slower than the other [434, 435]. Each
signal is comapared to one other at a time, generating a distance metric with a lower score
indicating greater similarity. The adaptability and simplicity of DTW have made it a robust
time series distance measure, and with advances in optimisation, it has become feasible to apply

DTW to larger datasets that were previously too computationally-consuming to process [436].

DTW was computed for a multidimensional dataset using an independent strategy. In this
approach, each time series in a multidimensional grouping is treated as independent, with the
DTW distance calculated between groups summed accordingly [436]. In contrast, the dependent

strategy assumes that warping is shared across dimensions.

The DTW distance was employed as the distance metric for a k-nearest neighbour (k-NN) al-
gorithm, a non-parametric supervised classifier [437]. k-NNs relies upon the concept that prox-
imately equals similarity. When applied with DTW, the distance according to DTW between a
new times series and the bank of training, labeled, time series is calculated. Given a parameter
of 50 neighbours, the labels of the closest 50 banked time series to the new one are counted.

The largest label count determines the classification.

For the ACV response dataset, DTW-based classification achieved an average accuracy of 55%
in predicting the action at the end of a bout (Fig. 5.7.b&c). While this result was significantly
different from the null model, which has randomly shuffled labels, it is only slightly above
chance levels. The classifier was most accurate at predicting true responses, with a precision
of 63% (Fig. 5.7.b). However, it only recalled between 54-56% of the correct predictions and

had a precision of less than 50% for correctly predicting non-responding bouts.
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Classifying HMM-generated sleep states yielded accuracy no better than random (Fig. 5.7.d&e).
The classifier’s accuracy matched the null model, indicating an inability to distinguish between

the two sleep states.
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Figure 5.7: k-NN classification with DTW fails to predict response or HMM sleep
state.

(a) Dynamic time warping (DTW) calculates the optimal match between two given sequences.
(b&d) An example confusion matrix of a k-NN’s predictions using DTW as the distance metric
for whether an inactive bout will end with a response or not (b) or if the bout will be classified
as 'deep sleep’ or ’light sleep’ (d) as per a HMM. (c&e) Distribution of the accuracy of the
model against the null model. The datasets were randomly split into test/train segments 100
times and used to train and test the model (red). Each iteration the labels were shuffled to
create a null model (grey).
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5.4.2 Catch22 Classification

Canonical Time-series Characteristics (Catch22) refers to a software that generates 22 descript-
ive statistics per time series [325]. Catch22 is a streamlined version of HCTSA [366], which
comprises 4791 features for time series analysis. Many of the descriptive statistics in HCTSA
were found to be repetitive or inadequately explanatory of dataset variations [325]. To reduce
computing time and complexity the power of each statistic was measured, allowing the creators
to reduce the total down to 22. Catch22 captures a diverse and interpretable signature of time
series in terms of their properties, including linear and non-linear autocorrelation, successive
differences, value distributions and outliers, and fluctuation scaling properties. For a detailed

description of each feature see Methods.

For each time series instance, the variables (Velocity, Area, and Phi) were processed to generate
22 features per variable, resulting in a total of 66 features. Instances or columns with less than
95% non-special values were excluded (see Methods). These features were used to train a

random forest classifier.

The random forest classifier achieved an average accuracy of 59% in predicting the correct
response to an odour puff, which was significantly better than the null model (Fig. 5.8.a&Db).
When predicting positive responses, the classifier demonstrated a 67% accuracy. However, it
had a lower recall percentage of 58%, which affected its precision in discerning non-responding
bouts from responding bouts, achieving only 51% precision. This indicates that while the
classifier shows some promise, it struggles to consistently differentiate between the two groups,

although certain underlying features are indicative of the action.

A t-SNE plot of the test dataset, labelled with the quality of the prediction, reveals no obvious
grouping (Fig. 5.8.c). There is possibly a noticeable concentration of response predictions in

the center, contrasting with the more dispersed distribution of non-response predictions.

When replicating the analysis with sleep states generated by the HMM, the results were less
promising. The random forest classifier achieved an average accuracy of 52%, which was not

significantly different from the null model (Fig. 5.8.e). The classifier had an equal prediction
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rate for all classes, indicating randomness (Fig. 5.8.d).

The t-SNE plot shows a slight clustering of time series in the top left quadrant. However, this
clustering does not correlate with any specific predictions and likely reflects the distribution of

mean velocity (Fig. 5.3.g).
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(a&d) An example confusion matrix of a random forest classifiers predictions using the time
series features generated by Catch22 [325]. (b&e) As in Figure 5.8 null models (grey) were
generated against true models (red). (c&f) A two-dimensional t-SNE plot of the predictions
and their confusion matrix designation from (a) or (d). Neither, (¢) or (f) displayed any obvious

clustering.
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5.5 Discussion

This section explored whether the variables already tracked by the ethoscope can explain when
a fly is sleeping or merely resting, inferring from the animal pose or morphology rather than
its time being inactive. The findings offer both promising insights and notable challenges in

adapting ethoscope data for a task it was not originally designed for.

The behavioural indicators of sleep described in previous research have typically relied on
high-definition cameras or human observation to identify and describe postures during sleep
[185, 275] In contrast, the ethoscope’s recordings are zoomed out, tracking multiple flies sim-
ultaneously. Its primary purpose is to distinguish between walking, micro-movements, and
immobility, aiming to improve upon traditional sleep studies that rely on the 5-minute rule
[244]. However, as shown in the classification of micro-movements via velocity, the ethoscope
can capture small movements imperceptible to the naked eye. Notably, the same velocity data
outperformed more detailed keypoint tracking in classifying insecticide effects on Drosophila
mobility [426]. This suggests that small changes in tracking data could indeed represent sleep

behaviours.

A simple exploration of the additional variables showed that apart from W (and Area) and
Mean Velocity, the other variables do not appear to reflect meaningful behavioural changes in
the fly. Further analysis of Mean Velocity revealed interesting differences between immobile
but awake flies, and those immobile for longer periods and presumed to be asleep (Fig. 5.3.g).
Sleep velocity falls within two distinct distributions centred around 0.67 and 0.78, a pattern
less pronounced in quiet awake flies and absent in active ones. Flies predicted to be asleep
with velocities around these two distributions exhibited a higher arousal threshold in response
to an odour stimulus than those with velocities around 0.7 — 0.75. This suggests that sub-one
velocity may help to discriminate between behaviours, although the precise biological signal
being tracked is still unknown. Drosophila sleep may involve rhythmic whole-body movements
or postures that are reflected in these velocity values. To identify which movements corres-
pond to these distributions, further research combining high-definition cameras with ethoscope

tracking is warranted.
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Both the DTW (55%) and Catch22 (59%) models performed better than random in predicting
responses to an odour puff (Fig. 5.7-8). Given the dataset was equally split between the two
groups, and considering the natural variation in both sleep and awake states, this indicates some
degree of difference in the time series features for Phi, Area, and Mean Velocity. Interestingly,
using only one variable in the Catch22 classification achieved similar results, with Mean Velocity
again proving to be the best predictor, reaching the same average accuracy (59%) as the three-
variable classifier. Phi and Area also outperformed the null model, suggesting they contain
information related to the response state (Phi = 56%, Area = 58%). However, a breakdown of
each Catch22 feature’s distribution revealed no obvious differences between labelled groups. It is
likely that small edge-case differences in individual features were enough to enable classification,
but only up to a maximum accuracy of 59%. This raises the question of whether the findings
are biologically meaningful or merely the result of statistical segmentation. Without further
evidence confirming whether the response labels correspond to sleep or wakefulness, the current

conclusion must be that the variables are unable to reliably differentiate sleep from wake.

Some elements of the study were flawed from the outset. While the decision to use only daytime
data to minimise bias in the response was appropriate, it also limits the study’s relevance to
daytime sleep, which is less prevalent and generally considered lighter than nocturnal sleep
[35, 189, 283]. Future iterations of this work should incorporate infrared filters to standardise

tracking across both day and night conditions.

Furthermore, discrepancies in the ellipse values between day and night, as well as between
datasets, raise concerns about the ability to derive behavioural insights from the tracking data
(Fig. 5.2). If the ellipse can be altered by changes in software or hardware, it casts doubt on
its consistency as a behavioural measure and raises the possibility that any patterns observed
might be artifacts of the machine. This issue complicates comparisons of data across different

machines and time periods, significantly limiting the broader applicability of the findings.

In conclusion, while the ethoscope data has potential, it appears that it cannot yet be used to
predict sleep states beyond the conventional 5-minute rule. Further investigation into sub-one

velocity data may reveal a more precise rule, but given the significant overlap in distributions,
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consistently differentiating between immobile bouts is likely to remain a challenge.



Chapter 6

Identifying sleep hallmarks with
high-resolution videos recordings and

analysis

6.1 Rationale

The ethoscope was designed to accurately quantify sleep while maintaining high throughput,
enabling real-time tracking of Drosophila movements for experimental manipulation [244]. How-
ever, its purpose was not to capture fine-grained details of every action or body part but rather
to differentiate active movements from periods of immobility. As demonstrated in the previous
chapter, this tracking method has limited ability to distinguish between flies that are merely in-
active or resting and those that are truly asleep. This limitation may stem from the ethoscope’s
low-resolution, zoomed-out, top-down camera setup, which likely overlooks crucial details that

could correlate with known literature on Drosophila sleep posture [185].

Given these constraints, it becomes clear that a more detailed experimental setup is required
to detect and analyse the subtle changes in posture and behaviour during sleep bouts. High-

definition video recording presents the opportunity to capture these nuances, offering a clearer

148
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and more comprehensive picture of sleep in fruit flies. With this enhanced resolution, I aim to
identify specific hallmarks of sleep that may have previously been overlooked, thus bridging the

gap between behavioural observation and the physiological understanding of sleep in Drosophila.

6.2 Behaviour identification through keypoint tracking

Behavioural analysis involves describing and characterising the wide range of responses ex-
hibited by an organism, triggered by internal or external stimuli. This study of behaviour,
or ethology, has its roots in the work of early ethologists like Niko Tinbergen, who meticu-
lously documented behaviours to create ethograms with hierarchical structures that reveal how

natural behaviours are organised [362, 438, 200].

Ethograms have been instrumental in developing theories about brain function and the evolu-
tionary significance of behaviours, supporting concepts like fixed action patterns and reward-
based learning [439, 440, 441]. However, the field has evolved towards greater granularity in
analysing behavioural motifs. Today, behaviours once considered as singular actions are dis-
sected into finer sub-components, enhancing our understanding of their neural underpinnings
(Brown, 2018). For example, in Drosophila, behaviours such as aggression, courtship, and
grooming are now broken down into specific sub-components, each with distinct patterns and

triggers [259, 223, 202].

This shift towards detailed behavioural analysis has been facilitated by advanced observation
tools and recording technologies [336]. However, it has also amplified challenges related to the

repeatability and accuracy of manual behaviour quantification [442, 443].

To overcome these challenges, many researchers now employ machine learning algorithms for
automated behaviour identification and tracking. These tools have been adapted for various
experimental setups, including wildlife video analysis, unsupervised behavioural clustering, and
multi-animal tracking in arenas [443, 444, 202]. Such automation has led to the discovery of

complex behaviours, especially those involving social interactions, that were previously too
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intricate to score manually [245, 240]. Although manual verification and explanation is still an

integral part of the process.

User-friendly software interfaces have been developed to democratise access to machine vision
tracking, building on robust, generalisable neural networks. Notable examples include SLEAP
[252] and DeepLabCut [250], among others [253, 248, 445, 243]. These tools allow research-
ers to label specific body parts, such as limbs and antennae, within video frames, training

convolutional neural networks to recognise these features across frames.

While these tools enable detailed limb tracking without the need for specialised hardware,
they are not without limitations. Optimal performance requires videos with consistent lighting
and clear feature visibility. It is also important to note that the software does not identify
behaviours on its own. Instead, it produces a multi-point time series that tracks the dynamics
of labelled body parts, providing the data needed to segment and match these dynamics to

specific behavioural motifs [364, 446].

6.3 Capturing high resolution videos

6.3.1 Setup

To achieve high-fidelity recordings of Drosophila sleep, a new video capture setup was developed,
prioritising resolution over throughput. This setup, while reducing the number of flies recorded
simultaneously, offers detailed, high-resolution video of individual subjects. Staying true to the
ethoscope’s principle of accessibility, the new high-defintion (HD setup continues to utilise a
Raspberry Pi microcomputer for video processing and power, paired with its standard 12 MP
HD camera and an additional 16mm telescopic lens, see Methods. All components are readily

available and cost-effective.

Custom 3D-printed mounts were designed to securely hold the Raspberry Pi, camera, and

lens (Fig. 6.1.a). The lens mount also incorporates a filter that allows only infrared light to
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pass through, ensuring consistent lighting across all time points, independent of visible light

conditions.

The camera mount is attached to a secondary structure that houses the fly arena. To better
capture behaviours such as becoming more prone, antennal oscillation, and proboscis extension,
actions that are partially obscured in a top-down view, the arena was designed to keep the fly
in a profile orientation when not actively turning around (Fig. 6.1.b). This was accomplished
by limiting the arena’s depth. Due to size differences, female arenas were made slightly deeper
than those for males, see Methods. Additionally, a second level was introduced to provide the
fly with more space to explore and rest, after it was observed that smaller arenas were inducing

hyperactive behaviour.

The videos were illuminated using two infrared light sources: one directed onto the glass front
and another positioned behind a thin plastic wall at the back of the arena. This dual lighting

setup enhanced both the silhouette and profile features of the fly (Fig. 6.1.a).

b

arena

holder\

fly food
| — reservoir

2\
N

rear IR
light

Figure 6.1: The new high-definition video capture setup.

(a) Custom 3D printed frames were designed to support the camera and lens (red) , the IR-only
filter (white / grey), and the IR lights (green / yellow). (b) A custom 3D printed arena was
designed to house the fly that kept it in profile view, see Methods for the specifications. The
arena contains diluted standard media in the base.
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6.3.2 Curation

Each individual fly was recorded over a period of 1-2 days, resulting in several large video files
capturing a variety of behaviours. Since the primary focus was on identifying behaviours asso-
ciated with sleep, sequences in which the fly was walking, grooming, or feeding were excluded.
To facilitate this, hour-long videos were automatically segmented into shorter clips based on
movement detected from frame to frame, determined by a pre-set threshold, see Methods. This
segmentation, followed by manual curation, produced a dataset of 157 videos from four male

and four female CS flies, with video lengths ranging from 4 to 50 minutes.

6.4 Applying keypoint tracking

6.4.1 Model training

The SLEAP software [252] was selected for its rapid model training capabilities and iterative
labelling workflow (Fig. 6.2.b). Individual models were trained for each fly to minimise errors.
For each model, three keypoints were labelled across a selection of frames from at least 10
videos. The chosen keypoints were: the head, labelled at the centre of the eye; the body,
marked at the junction of the wing and body; and the abdomen, labelled at the centre end
(Fig. 6.2.a). Typically, 40-60 labelled frames were used to train the model, which was then
tested on a new video. If the model’s predictions were visually accurate, it was applied across
all frames of all videos. If inaccuracies were found, corrections were made, the new labels were

added to the training set, and the model was retrained until satisfactory results were achieved.

Initial attempts were made to label additional keypoints, such as the proboscis and the halteres,
to replicate findings from Keles et al. [185]. However, due to video quality issues and occasional
visual obstructions, tracking accuracy for these keypoints was consistently poor. Consequently,

the keypoint skeleton was simplified to the three described above.
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6.4.2 Model accuracy

SLEAP provides built-in statistics to assess the accuracy of trained models, using the labelled
frames as ground truth [251, 252]. The localisation error across all models generally clustered
between 1-2 pixels, with a maximum error reaching up to 5 pixels (Fig. 6.3.a). This level of
error is typically considered very good. The greatest inaccuracies were observed in the abdomen

labelling, likely due to challenges in maintaining consistent labelling across frames.

Another metric used to evaluate model performance is Object Keypoint Similarity (OKS), which
takes into account landmark visibility, animal size, and the difficulty of keypoint localisation
[447]. Most models achieved high average OKS scores above 0.8 (Fig. 6.3.b). However, it is
worth noting that the model for Femalel displayed a wider distribution of scores, with some
clustering around 0.5, while Malel had a few scores as low as 0.2, indicating poor performance.
Femalel had the largest number of videos, 33, which may account for the greater variance in

scores.
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&=
Figure 6.2: Videos of inactive bouts were labelled on the head, body, and abdomen.
(a) Labelling guide for the three keypoints. The head (orange) keypoint was placed in the
center of the eye. The body (red) keypoint was placed at the base of the wing. The abdomen
(green) was placed at the center of the end of the abdomen (terminalia). (b) The SLEAP
workflow [252] entails the user labelling a random selection of frames which are used to train

and label further frames. The user confirms or corrects the new labels to add to the training
dataset.
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6.5 Manual behaviour segmentation

6.5.1 Description of postures

During video curation, three distinct posture changes were identified, allowing the majority
of videos to be categorised accordingly. These postures have been labelled as full prone, part
prone, and rise (Fig. 6.3.c). Although some videos displayed a combination of these postures,

key traits were used to make judgement calls on their categorisation.

In the full prone posture (female = 17, male = /), the fly lowers its entire body towards the
surface, typically, but not always, in alignment with gravity, nearly touching the surface while

remaining prone. This posture has been previously described [275, 185]. Notably, this posture
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Figure 6.3: Three observable sleep postures were manually identified.

(a) The majority of localisation error from new predictions was less than 2 pixels for all models.
(b) Most models object keypoint similarity score was greater than 0.8 which is considered good.
Some of the frame predictions scored lower, but were infrequent. (c) Examples of the observed
changes in posture. During full prone (peach) the fly lowers the its whole body to the surface.
During part prone (pink) only the abdomen is lowered to the surface. Often this pose was
already assumed by the fly before coming inactive. During rise (yellow) the fly extends their
legs, raising the head/body. It is often accompanied by a lowering of the abdomen.
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was observed three times more frequently in females than in males, with 11 out of 17 (65%)

instances occurring in a single female, marking it as the most disproportionate category.

The part prone posture (female = 37, male = 53) represents a variation of the full prone
where only the abdomen is lowered, while the head and body remain relatively stationary,
distinguishing it from the full prone. Both part prone and rise involve a transition from one
posture to another, and they are defined by these movements. However, in the case of part prone,
the fly’s abdomen may already be lowered, suggesting that the automatic video segmentation
might be truncating the beginning of these bouts. Often, flies engage in grooming in this
position, which could indicate that it is a typical resting posture. The part prone is the most

common posture, accounting for 57% of observations.

The rise posture (female = 7, male = 15) shares characteristics with the part prone, where
the abdomen lowers towards the ground. However, the key distinction is that the head and
body appear to rise as the legs extend. The extension of the legs was the decisive factor in

classifying a bout as rise.

A fourth category, no change (female = 12, male = 12), was assigned to videos where no

postural change was observed, and the fly’s abdomen remained elevated.

6.5.2 Do the angles at keypoints describe the behaviours?

To validate these categorised postures, several metrics were explored as hallmarks of each
category. For Figures 6.4-6, the first 70% of each video was used to capture the initial pose and

the subsequent sleep pose before awakening.

Given that full prone and rise involve active changes over time, it was suspected that there
might be changes in the angles from the beginning to the end of the sleep posture. To assess
this, the mean difference of each angle at the end minus the average angle at the beginning
was calculated. In both male and female flies, no significant changes were observed in the
head or abdomen angles from beginning to end (Fig. 6.4.a&c). The only change detected was

an increase of ~ 4.5° in the body angle in female flies within the rise category (Fig. 6.4.b).
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No changes were observed in the part prone or full prone categories, and none in male flies.
This lack of change in part prone was expected, as many flies were already in position, thereby
excluding them from change. However, in full prone, it appears that the action of flattening
the fly to the surface maintains the relative positions of each keypoint. It was anticipated that
the rise posture would result in a decrease in the body angle due to the lowering and forward
movement of the abdomen; however, this change may not be as pronounced as expected or may

be offset by the rising of the head.

It was hypothesized that differences in the angles formed by the head, body, and abdomen would
be observed between the part prone and rise postures, given the lowering of the abdomen and
the apparent raising of the head and body in rise (Fig. 6.3.c). However, quantifying the average
size of these angles over the bout revealed no significant differences between the three categories
in both male and female flies (Fig. 6.4). While differences between the sexes were observed,

these were expected due to morphological differences.
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Figure 6.4: The angle at each keypoint does not distinguish the postures.

(a-c) The average angle at the head, body, and abdomen for the first 70% of the inactive
bout. Mean and 95% CIs. (d-f) Changes in the angle from the beginning of the video (first
five seconds) to the angle after 70% of the inactive bout (final five seconds). Ns. denotes no
significant difference between groups, * < 0.05. Grey shading indicates quantification of male

fly posture. Mean and 95% Cls.
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6.5.3 Does the centroid describe the behaviours?

To identify a metric quantifying the full prone posture, the y-coordinate of the centroid was
calculated, hypothesizing that it might indicate a lowering of the fly’s entire mass. The centroid
was standardized at each timestamp as the absolute difference in x and y coordinates relative
to t = 0 (t0), see Methods. Surprisingly, there was no significant difference in the average
difference to t0 between all categories for both male and female flies (Fig. 6.5.a). Across the
sleep bout, all groups exhibited a difference of 2.5 - 5 pixels from the initial position (Female:
full prone = 4.2 +- 1.6, part prone = 3.1 +- 1.0, rise = 1.7 +- 0.58, Male: full prone = 3.2

+- 1.0, part prone = 2.3 +- 0.8, rise = 3.1 +- 1.3).

This pattern persisted in the difference between t0 and the end of the bout, with all categories
in both male and female flies showing an increase compared to t0, indicating an active change

in posture over time for all categories.

6.5.4 Does the distance between keypoints describe the behaviours?

The distance between the head and abdomen was the only metric that differentiated the cat-
egories (Fig. 6.5.b). As previously observed, the female fly group exhibited significant change,
with the average distance in the full prone group being shorter than in the other categories
(Female: full prone = 97 + 1.2, part prone = 101 + 1.3, rise = 102 + 0.98). This suggests
that the horizontal alignment of the body in full prone shortens the distance between the ab-
domen and head, while a lengthening occurs when the abdomen is lowered with a raised head.

No differences were observed in any keypoint distances from the start to the end of the bout.
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female flies.

(a) The average absolute difference in the y-coordinate to its value at t0 reveals no difference in
postural groups. Mean and 95% Cls. (b) The average length from the head to the abdomen over
an inactive bout. Mean and 95% Cls. The full prone posture in female flies has a decreased
length compared to the rise posture. (c-d) Changes in values from (a) and (b) from the
beginning of the video (first five seconds) to after 70% of the inactive bout (final five seconds).
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6.5.5 Do changes in the y-coordinate of keypoints describe the be-

haviours?

To explore unique changes, the absolute difference of each keypoint to t0 was calculated (Fig.

6.6).

Female flies showed no significant difference in the average absolute difference of the head’s y-
coordinate over the video or in the difference between the start and end. However, all categories
exhibited an absolute change in the y-coordinate from start to finish (Fig. 6.6.a). In male flies,
the rise posture showed a greater average change in the head y-coordinate compared to the part
prone, but not full prone (Male: full prone = 4.9 + 1.69, part prone = 2.4 + 1.1, rise = 4.5
+ 1.9). This reflects the observable change in head position relative to the fly’s center mass
(Fig. 6.3.c). This difference is also evident in the change from the start to the end of the bout,

indicating that it is a persistent change.

A similar change was observed in the body y-coordinate, suggesting a linked postural change
between the head and body, but not the abdomen (Fig. 6.6.b). This was only seen in the male
flies (Male: full prone = 3.0 + 1.0, part prone = 2.1 £+ 0.8, rise = 4.1 £+ 1.6). Again, this

difference is reflected in the change from start to the end of the bout.

In female flies, the part prone posture showed the largest increase in the abdomen’s y-coordinate,
both on average and in the difference from start to end (Female: full prone = 3.1 + 1.82, part
prone = 8.1 + 2.1, rise = 3.3 + 1.6) (Fig. 6.6.c). It is interesting that only part prone showed
a significant change in the abdomen’s y-coordinate compared to rise, even though both full
prone and part prone visually involve lowering the abdomen. It is possible that maintaining an
upright body and head posture in part prone increases the distance the abdomen must travel

to be lowered.
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Figure 6.6: Changes in the y-coordinate of keypoints identify postures.

(a-c) The average absolute difference in the value of the y-coordinate from t0 identifies differ-
ences in male and female postures. Mean and 95% ClIs. (d-f) Changes in values from (a-c)
from the beginning of the video (first five seconds) to after 70% of the inactive bout (final five
seconds). Ns. denotes no significant difference between groups, * < 0.05, xx < 0.01. Grey
shading indicates quantification of male fly posture. Mean and 95% Cls.
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6.6 Time-series analysis of postural keypoints

Postural changes, as represented by keypoint coordinate changes over time, can be broken down
into separate one-dimensional time series. Many supervised machine learning tools for keypoint
behavioural analysis utilize this approach to identify motifs and metrics that characterize user-
labelled behaviours [364, 446]. To this end, the individual x- and y-coordinates of each keypoint,
as well as the centroid, were analyzed using the catch22 time series analysis suite described in
Chapter 5 [325]. The data were first standardized by subtracting the value at t0 from each

value to account for differing coordinates.

Generation of t-SNE plots for both female and male groups revealed no obvious clustering
that aligned with the study’s generated categories or any that the embedding could identify
(Fig. 6.7.a&b). Further analysis of t-SNE plots for each keypoint’s time series also revealed
no grouping at any level, indicating that the 176 different variables generated were not causing

excessive complexity in the dataset (data not shown).

Catch22 includes frequency analysis (Methods), but given that antennal oscillation is a well-
documented sleep indicator [185, 422, 179, 181}, and considering the observed minor movements
of the abdomen during immobility bouts, frequency power was investigated independently of
Catch22 (Fig. 6.7.c). Frequency analysis using Fourier, Welch, Lomb-Scargle, and chi-squared
algorithms revealed no significant power peaks at any frequency. As shown in the sample plot
for the abdomen x-coordinate using the Fourier transformation, only noise was detected at

frequencies between 0-1.
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6.7 Behavioural observations

A novel sleep posture in D. melanogaster is the ‘haltere switch’ described by Keles et al.,
where the haltere moves ventrally, persisting for approximately 2-20 minutes [185]. While this
study’s hardware limitations precluded consistent tracking of the haltere, manual observations
confirmed the occurrence of the switch (Fig. 6.8.a). In the two cases illustrated, the switch
was noted near the end of a 3:50 minute bout and at 1 minute into a 4:20 minute bout. As
previously described by Keles et al., the switch persisted through the remainder of the bout,
accompanied by oscillations. However, due to obstructions and poor focus in some videos,
it was not possible to reliably quantify this phenomenon across all observations. Notably, in

several immobility bouts lasting over 10 minutes, no haltere switch was observed.

In approximately 13% of all videos, a previously undocumented behaviour was noted: a protru-
sion of the distal region of the abdomen that contains the genitalia and hindgut, the terminalia
[448] (Fig. 6.8.b). This protrusion did not follow a consistent timing, occurring at various
points—beginning, middle, or end—of the immobility bouts. It remains unclear whether this
behaviour is sleep-related or occurs during wakefulness immediately before or after sleep, or
during mid-sleep arousals’. Speculatively, this behaviour may be analogous to the proboscis
extension observed during sleep, albeit infrequently in this study’s videos. The proboscis ex-
tension does not occur in all sleep bouts and varies in duration, having been tentatively linked
to waste clearance [264], although evidence is sparse. It could also be indicative of a muscle
twitch, akin to those observed in REM sleep [20]. If this were the case, the terminalia protru-
sion might represent a similar muscular response. However, the absence of this behaviour in

the broader literature casts doubt on its significance as a definitive sleep hallmark.
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Figure 6.8: The sleep identifier the ’haltere switch’ and terminalia protrusion were
observed.

(a) The lowering of the angle of the haltere as described in Keles et al. was observed infrequently
in this study. (b) Episodic extension of the terminalia is observed in both male and female
flies during bouts of inactivity.
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6.8 Discussion

The findings of this study aimed to expand the current understanding of sleep posture in D.
melanogaster. However, due to hardware and time constraints, the study primarily succeeded

in re-describing known postures and generating new metrics for their classification.

The relaxation of the body during sleep has been previously documented. The illustration by
Hendricks et al. aligns with the full prone posture described here, where both the abdomen
and thorax of the fly lower to the surface [275]. Similarly, Keles et al. quantified this behaviour
as a lowering of the thorax, a metric that was replicated in this study [185]. Among both male
and female flies classified as exhibiting the full prone posture, 17 out of 21 (81%) showed an
average change in thorax position, ranging from 2.3 to 17 pixels (Fig. 6.6.b). The remaining
four flies were already in the prone posture at the start of the observation. This behaviour,
where the fly appears fully relaxed and ceases other activities such as grooming, superficially
seems to be a clear indicator of sleep. Yet, out of 157 periods of immobility observed over
eight days, only 21 (13%) exhibited this behaviour, amounting to approximately 320 minutes
of sleep across seven out of the eight flies. Given its infrequency, both within individual flies
and across the entire sample, it is unlikely that full prone is the sole sleep posture, especially
when considering conventional estimates that males sleep for &~ 10 hours and mated females

for ~ 5 hours [53].

Keles et al. did state that postural relaxation did not always precede prolonged periods of
behavioural quiescence [185]. Nevertheless, they demonstrated that the arousal threshold in-
creased, on average, in flies that remained inactive for more than three minutes, which could
suggest that sleep may be present in most quiescent periods. However, they did not specific-
ally compare the arousal threshold of flies exhibiting postural relaxation to those in quiescence

without relaxation, which would be necessary to confirm this hypothesis.

Extrapolating from these observations, it is likely that all the behavioural postures described
in this study include instances of sleep, though the precise distribution of sleeping versus

merely resting flies remains unknown. Unfortunately, this study was unable to conduct arousal
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threshold experiments that would have allowed for a more definitive understanding of these

differences.

The haltere switch, as described by Keles et al. [185], is considered not just a marker of
sleep, but specifically of deeper sleep, characterised by a higher arousal threshold compared to
quiescent sleep. While this study could not reliably track and quantify the haltere switch, it
was potentially observed in several videos (Fig. 6.8.a). The switch typically occurred several
minutes after a postural change and was not limited to fully prone flies; it was also observed in
part prone flies and those in a rise posture. However, video limitations—such as occlusion of
the haltere by wings or legs, especially in the more compact male flies—prevented a full analysis
of haltere switch occurrences. While not definitively quantifiable, these observations suggest
that all described behaviours may include sleep states capable of deeper sleep, challenging any
notion that these postures might represent different types of sleep. Further research is required

to confirm this.

If taken at face value, these findings suggest that the description of sleep posture should be

revised to include only a relaxation of the abdomen.

Although these behavioural states have not been confirmed through arousal threshold tests,
they can be categorised by quantifiable metrics. For instance, full prone is marked by a reduced
distance between the head and abdomen, part prone by a greater change in the y-position of
the abdomen, and rise by a greater change in the y-position of the head and thorax. However,
these metrics were only confirmed within either male or female populations, not both. The
unequal distribution of bouts, with part prone comprising 57% of cases, posed difficulties in
generating statistically significant demarcations for the other categories. This limitation could

be addressed with additional video data.

Furthermore, the automatic segmentation of videos to exclude movement often resulted in the
capture of postures that were already present, particularly in part prone bouts, though this
was also seen in some full prone videos but never in rise videos. Standardising the keypoint
location time series by subtracting the value at t0 meant that many videos lacked any dynamic

change, potentially obscuring useful classifiers of posture transitions. This likely contributed
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to the failure of t-SNE plots to generate any meaningful clustering post-time series analysis.

Capturing these transitions is not simply a matter of fine-tuning the movement threshold in the
sorting software. Abdominal relaxation is also observed during grooming, which often precedes
bouts of quiescence. Therefore, abdominal relaxation should perhaps be considered a general
rest posture, rather than exclusively indicative of sleep. Distinguishing between quiescence
and sleep during this posture, particularly before a haltere switch to deeper sleep, remains a
challenge, and one that is necessary to address given the frequency of abdominal only relaxation

sleep.

6.9 Further work

Future research should prioritise the increased capture of fly sleep in both males and females to
enhance the robustness of the statistical analyses distinguishing and identifying sleep postures.
A larger dataset would enable more accurate and reliable identification of the subtle postural

changes associated with sleep.

In parallel, the arousal threshold associated with each posture should be quantified to confirm
the presence of sleep definitively. Of particular interest would be the potential separation of
the part prone posture into two distinct groups: one with a high arousal threshold indicative
of sleep, and another with an arousal threshold comparable to wakefulness. To achieve this, an
escalating stimulus, such as gradually increasing heat, could be applied to the flies, allowing for
the identification of behavioural hallmarks that distinguish these groups. Given the difficulty
in visually detecting consistent differences within the part prone group, machine learning could
be employed to assist in this analysis. Convolutional neural network image classifiers, trained
on labelled video data, could be used to predict whether there are subtle visual distinctions

between these groups in new video sets.

Should the CNN classifiers demonstrate high accuracy, the next step would be to utilise higher
resolution videos, annotated with a greater number of keypoints, to pinpoint specific differences

or their dynamic changes over time. This approach would not only refine our understanding
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of sleep postures but also potentially uncover previously unrecognised behavioural markers

associated with different sleep states in D. melanogaster.



Chapter 7

(General discussion

7.1 Summary

This study aimed to characterise Drosophila sleep through observational markers, with the goal
of broadening the metrics we use to understand sleep in fruit flies. The intention was to achieve
this without compromising the high-throughput nature and ease of use that are fundamental to
Drosophila research. This study utilised hidden Markov models, machine vision tracking and

learning, and high-definition (HD) video analysis to achieve these goals.

Exploration of HMM-predicted sleep states- 'deep sleep’ and ’light sleep’- revealed some un-
certainty regarding the biological validity of these predicted states. While they appear to offer
a more nuanced and enriched version of the traditional 5-minute rule, which categorises sleep
based on movement cessation, the results were ambiguous. These new states provided a more
accessible overview of sleep bout lengths and activity patterns over time but did not conclusively

establish themselves as true biological sleep states.

This work attempted to move beyond simple movement-based definitions of sleep by incor-
porating advanced tracking methods. Using both ethoscope data and HD keypoint tracking,
this work aimed to capture more intricate behavioural nuances that could be correlated with

sleep and sleep stages. While the observations from the videos aligned with established literat-

170
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ure, the limitations of my experimental approach meant that the findings remained qualitative
rather than quantitative. Furthermore, the study provided limited insight into the complex

phenomenon of multiphasic sleep, which warrants further investigation.

The majority of the above was achieved in ethoscopy, a Python-based behavioural analysis
toolbox, created during this study. The aims of ethoscopy were to expand the analysis suite of
rethomics and to maintain the accessibility of complex analytical methods for all skill levels.
This included the integration of training, decoding, and visualisation of HMMs. It is hoped
this new toolbox will help new users generate tailored HMMs for all the animals, mutants, and

variants in their experiments.

7.2 Findings

7.2.1 Probabilistic modeling Vs Inferential analysis

The five-minute rule for defining sleep in Drosophila is rooted in early work that used in-
ferential statistics to identify the approximate moment when the arousal threshold of resting
flies became significantly different from earlier moments. While this method effectively high-
lights population-level differences, it inherently discards information related to the individuals’

probabilistic events of sleep, which are essential for understanding behaviour in its context.

Given that circadian rhythms and behavioural hierarchies exhibit a highly probabilistic nature,
it stands to reason that probabilistic models offer a more comprehensive framework for un-
derstanding the interplay of these elements, especially under conditions of perturbation [301].
This growing recognition has driven a shift towards quantifying sleep with probabilistic ana-
lyses. For instance, Wiggin et al. explored the probabilities of transitioning into an inactive
state, P(Doze), and transitioning from inactivity to waking, P(Wake), as a means of map-
ping the shifting pressures of sleep and wake throughout the day. The varying ratios of these
transitions can represent environmental changes or mutant phenotypes in a two-dimensional

space [319]. Building on this, the framework was adapted into a HMM that assigns probabil-
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istic transitions to a hidden layer comprising of four states. My study, though modifying the
transition freedom between wake states, corroborates Wiggin et al.’s findings, supporting the
idea that a four-state model provides more robust and interpretable results, with each state

characterised by distinct arousal thresholds.

The study by Wiggin et al. did not provide a detailed breakdown of the decoded states, making
it challenging to directly compare their findings to the critiques raised here. Assuming the
decoded outputs are similar, the HMM’s limitation lies in its rigid classification of sleep states.
All periods of inactivity longer than 11 minutes are categorised as 'deep sleep’, which seems
biologically inconsistent with our understanding of multiphasic sleep in other animals [14] and
within Drosophila itself. Behavioural studies suggest different arousal thresholds following a
change in angle of the haltere (haltere switch)[185], while brain activity recordings indicate shifts
in activity during extended periods of inactivity, corresponding to increased arousal thresholds

189, 278, 369].

Attempts to distinguish HMM-determined ’deep sleep’ and ’light sleep’ states using ethoscope-
tracked variables bore no results better than random (Fig. 5.7-8). This suggests that the
tracked flies in each state exhibited no underlying behavioural differences. However, given the
difficulty in distinguishing between active immobile states and sleep immobile states, aside from

differences in mean velocity, this observation is not particularly strong.

Analytically, the block classification of inactive bouts as one, not a mix, of the sleep states
introduces further bias into the measurement of arousal thresholds. Lengthy inactivity that
will be classified as ‘deep sleep’ post-hoc will have a 0% response rate between 0-10 minutes
(Fig. 4.4.b) as any response reclassifies it to ‘light ‘sleep’. Evidence from response rate over
time inactive (Fig. 4.4.d) does demonstrate that flies that are immobile for longer are less likely
to respond, indicative of a deeper sleep. However, the earlier sleep would be more responsive,
or a lighter sleep. Manually segmenting immobile bouts before 25 minutes by any point in time

would always produce a significant difference in population arousal thresholds.

The inability of the HMM to segment bouts of inactivity into more than one state may stem from

the mathematical constraints of the model. Both ’deep sleep’ and ’light sleep’ emit the same
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observable state, 'inactive’, which forces the model to choose between them. Since each state
has a high probability of transitioning into itself, the most likely sequence will always consist
of a single state. Short periods of inactivity will be classified as ’light sleep’ until the number
of inactive instances is sufficient that a transition to ’deep sleep’ would have likely occurred,
retroactively flipping the entire sequence. This post-hoc decoding is a major limitation of the
HMM in this context. For example, probing a fly at 10 minutes of inactivity: if it responds, it
is classified as ’light sleep’; if it does not, the sequence is reclassified as 'deep sleep’. Here, the

response determines the state, rather than the state predicting the response.

HMMs are memory less, relying solely on the previous state and the observable behaviour,
which prevents them from considering the duration of the bout. This restriction has always
leveled criticism of HMMSs to model sleep, as our understanding is that it is influenced by our
previous actions. For example, the homeostatic response is fundamentally controlled by the
amount of sleep the animal has prior, increasing the pressure to sleep the longer it is absent
[30, 40]. It is also known that the latency to sleep shortens after SD and depth increases [129].
These changes would not be reflected in the HMM decoding, as it will regard the latency and

threshold the same at all times due to fixed transition probabilities.

Investigation into the frequency statistics of immobile bouts reveal that they follow a power law
relationship. This can be described as having decreasing linear relationship on a log-log scale
of time immobile. In short, having a power law relationship indicates that likelihood of leaving
the state (inactivity) is proportional to the time in the state [449, 450, 451]. In comparison,
activity bouts do not, suggesting they adhere to a different governing rule [451]. Power law
distribution of locomotion activity has been shown to correlate with the Ellipsoid-Body in
Drosophila [450], which is now strongly linked as a driver of sleep [452]. Work by Xu et al.
applied these techniques as a method to identify sleep onset in individual flies, showing that
on average immobility of < 5 minutes follows a power-law decay, changing to exponential after
5 minutes [453]. They theorised this change is indicative of an approximate time point sleep is
entered into, changing from a proportional likelihood of leaving immobility (with memory) to

a constant chance of exit (memory-less).
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This evidence would suggest the mechanics of the HMM are sufficient for modeling most clas-
sically defined sleep bouts, but not the shorter bouts, which it may be over or under estimating
with a constant exit transition. However, a notable finding from this study was the rapid de-
crease in response rate observed when transitioning from ’quiet awake’ to ’light sleep’ states
(Fig. 4.4.b). Specifically, flies that had been inactive for just 2 minutes were significantly less
likely to respond than those that exhibited intermittent periods of activity and inactivity during
the same time frame. This observation suggests that a portion of the population enters a sleep-
like state relatively quickly, reinforcing the idea that Drosophila can display sleep transitions

over short timescales.

Both HMMs and temporal decay analysis offer the ability to apply analytical modelling of sleep
to different fly populations, including mutants, species, and environmental settings. All that
is needed is sufficient baseline dataset of activity data. Together, these methods each provide
unique insights into the structure and regulation of sleep in Drosophila beyond the traditional

H-minutes rule and traditional statistics.

The HMM, for example, allows for user-defined architectures that can be customised to explore
the distribution of short and long bouts of sleep across the circadian cycle, as well as the break-
down of different types of activity. As shown in the application to other Drosophilid species,
the HMM delivers fast, interpretable insights into how sleep patterns vary between groups. For
instance, it can reveal whether long or short sleep bouts dominate a species’ sleep architecture
(Fig. 4.7-8). Furthermore, the HMM decoded sleep data provided a more detailed understand-
ing of the homeostatic response across species, showing how non-D. melanogaster species have
no rebound after mechanical sleep deprivation in either long or short bout sleep (Fig. 4.9). It
also revealed that wild-caught D. melanogaster recover sleep through more frequent but shorter

bouts. These insights would have been overlooked using traditional statistical approaches.

Likewise, temporal decay analysis can generate individual based metrics, such as sleep latency,
activity index, sleep duration, and bout number, which can be used to compare sleep pat-
terns across different populations or under varying environmental conditions, such as constant

darkness or during homeostatic rebound [453]. This approach allows for a more detailed char-
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acterisation of sleep behaviour at both group and individual levels, offering valuable insights

into how sleep is modulated under different circumstances.

Together, these two analytical approaches represent a significant improvement over traditional
methods. They excel at generating nuanced information that allows for more accurate compar-
isons between populations. This study advances the field by introducing ethoscopy, a software
platform that enables non-computational researchers to apply HMMs to their Drosophila sleep
data. By doing so, it bridges the gap for new users, allowing them to move beyond the simplistic

five-minute rule and embrace more sophisticated, probabilistic analysis of sleep behaviour.

7.2.2 Should the Five-Minute Assumption Remain?

As discussed, the five-minute rule is a non-tractable operational rule based upon early data in
the field. Neither in Hendricks et al. or in Shaw et al. did the authors show the relationship
between time immobile and arousability, simply stating that it was different at this point in
time [275, 274]. In fact, Hendricks and colleagues observed that typical sleep posture often
occurred after around nine minutes [275]. Huber et al., using a tapping stimulus, provided
some evidence for this rule, showing a near-linear decrease in response rate until five minutes,
after which it plateaued [71]. Despite the large error margins in these studies, the five-minute

rule became a widely accepted standard for measuring sleep in Drosophila.

The decreasing response rate, interpreted as an increase in the percentage of flies falling asleep,
positioned the five-minute rule as a practical, albeit simplified, assumption of when most flies are
asleep. However, with advancements in methodology and deeper insights into sleep dynamics,

does this rule still hold?

Several studies, including this one, have demonstrated varying relationships between immobility
duration and response rate. In this study, for example, the response rate does not plateau at
five minutes but continues to decrease until around 20 minutes, at which point it levels off (Fig.
4.4.d). Similar trends have been observed in van Alphen et al. and Fawville et al., who both used

mechanical vibration to probe flies arousability. Fawille et al. reported a continuous decrease
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in response rate up to the maximum recorded sleep bout of 40 minutes [35]. Van Alphen et al.
on the other hand, observed a response rate decrease to a low point at 10 minutes, followed
by a slight increase and then another drop, reaching a nadir at 30 minutes [189]. This cyclical
pattern was interpreted in the study as the transiting between sleep states of differing arousal.

An interesting observation, but one that has not been replicated here or in other literature.

If we were to just synthesise the findings from above into a new rule for determining when
most flies are asleep, the threshold would need to be raised to 10-15 minutes. Given that
sleep bout durations tend to be heavily skewed towards shorter bouts [283], the field would be

overestimating sleep under the five-minute assumption.

However, evidence from brain activity data suggests that sleep can occur much earlier than five
minutes. Multiple studies report changes in electrical activity, including frequency power and
total brain activity, after just two minutes of inactivity [188, 189, 278, 433]. This is corroborated
in this study by the observed decrease in response rate after only two minutes of inactivity (Fig.
4.4.c). In both this study and brain activity studies evidence of early reduced arousal or brain
activity has high variance, with many in the population responding frequently or having high
brain activity in comparison to mid to late sleep [188, 278, 433]. Thus, while sleep can occur
early, it is not a consistent phenomenon and will often be interspersed with quiescent but awake

flies. This does align with our broader understanding of variability in sleep latency.

Not all evidence challenges the five-minute rule. Xu et al.’s analysis of immobile flies defined
sleep onset as the point at which immobility transitions from a linear to an exponential decay
on a double logarithmic scale for bout length probability, the former section being power law
decay. Their data showed that daytime sleep onset averaged around five minutes, with error
bars of £1 minute for both male and female flies [453]. Interestingly, nighttime sleep had a
shorter onset of around three minutes, which mirrors findings that the night is a preferential
time for sleep [189, 129, 283, 274]. Additional work is needed to test the trackability of power
law analysis. The study did apply it to changing conditions and mutants, but they did not test

if changes in sleep latency were reflected in differing arousal thresholds.

Neuronal activity measurements in Tainton-Heap et al. also support a general change in activity
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at 5 minutes. Their definition of mid-sleep (5-10 minutes) saw activity drop significantly during
this time [278]. In their study, 0-5 minutes was still classified as sleep, although with higher

activity compared to mid-sleep or prior wakefulness.

Given the variability of findings, it does appear that five minutes holds up as a general marker of
sleep, encompassing a time when a significant majority of flies will be asleep. However, as with
many rules it is an estimate that will be often incorrect for an individual. The rule does lack
credibility when applied to different species, mutants, or even environmental background —such
as diet, temperature, or mating status. Given these limitations, it would be more appropriate to
apply HMMs or power-law analysis in novel experimental setups to assess whether underlying

patterns still hold.

7.2.3 Behavioural Identifiers

To accurately measure sleep in Drosophila on an individual basis without invasive brain activity
measurements, we must rely on behavioural indicators. As previously discussed, a repertoire
of sleep postures has been identified to classify sleep stages. For sleep initiation, a fly typically
lowers itself onto the substrate, as observed in multiple studies [275, 185]. This study builds
upon that definition, suggesting that simply lowering the abdomen could be a sufficient indicator
of sleep initiation (Fig. 6.3). However, this requires further validation through arousal threshold
experiments. These behaviours may be analogous to postures seen in mammals and birds,
where animals reduce their physical occupation of space by curling up or tucking their heads

to preserve energy and minimise predation [385, 418].

Typically, behavioural correlates of sleep in Drosophila predict solely sleep. However, the
"haltere switch” presented in Keles et al. could be an indicator of deeper sleep [185], providing
temporally precise identification of sleep stages. This study was able to confirm the identity of
previously described sleep postures, with the majority of flies immobile for greater than three
minutes demonstrating a posture change. Simple quantification of the change in distance and

position of the head, body, and abdomen was able to identify some of the described postures,
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although not precisely (Fig. 6.4-6). Possibly better tracking of more relative body parts would

generate better classification of the postures.

Due to the inability to classify the onset of the behaviours precisely, a precise quantification
of latency is not provided. However, observationally the posture timing was seemingly random
with some engaging in a posture change in the first minute to some that retained the same
posture from grooming. Likewise, the few observations of the haltere switch (Fig. 6.8), were
at very different time points in the sleep bout. This highlights the difficulty of any one rule or

modeling of immobility to accurately predict sleep on an individual basis.

Keles et al. introduced FlyVISTA, a semi-supervised behaviour classifier that offers a software
framework for identifying micro-behaviours. Like keypoint-MoSeq [364] and A-SOiD [454],
FlyVISTA uses keypoint datasets from labelled videos—such as those generated by SLEAP and
DeepLabCut—to train the model on user-identified behaviours. The model can then classify
entire datasets or new videos, producing an ethogram. This software can be used for both post-
hoc analysis and real-time perturbation, providing tailored insights into fly sleep behaviour.
However, as demonstrated in this study, setups like these rely on high-resolution capture of fine
details in the flies’ movements, often limited to one fly at a time. While my study managed
to track only three keypoints reliably, Keles et al. tracked 32 keypoints. This discrepancy
underscores the challenge of scaling more detailed sleep metrics to broader studies and the
accessibility of many of the newer machine learning behaviour classifiers. Often, these software’s

are built around a complex setup that will only be utilised in one group.

Attempts to integrate more detailed metrics of sleep with the accessibility of the ethoscope
were largely unsuccessful (Chapter 5). Metrics derived from the tracking ellipse could not
distinguish between rest bouts that were about to end (‘light sleep’) and those that would last
for at least three more minutes (‘deep sleep’) (Fig. 5.7-8). A change in posture, such as lowering,
is possibly observed in the decreasing size of the ellipse area from the start to end of the rest
bout (Fig. 5.4.e). However, there is no differentiation between responding and non-responding
bouts. Given the absolute difference is very small (-0.003) and the dataset very large (8199), it

is plausible that this difference could be attributed to noise or slight improvements in tracking
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an immobile fly overtime.

One intriguing finding was the distribution of mean velocity in immobile flies (Fig. 5.3.g).
Immobile flies classified by the HMM as part of an ‘active awake” sequence had a Gaussian dis-
tribution between 0.6 and 1. In contrast, the sleep states—both short and long bouts—displayed
a bimodal distribution centered around 0.65 and 0.78. The 'quiet awake’ distribution was in
between these two. Response rates were lower in flies with mean velocities within the ranges
of 0.70-0.75 and 0.80-0.85 during sleep bouts classified by the HMM (Fig. 5.5.f). It is possible
the tracking may have captured subtle micro-behaviours in awake states, although this was not

corroborated with any visual difference due to the low-resolution images from the ethoscope.

The limitations of this approach were clear from the outset, primarily due to the ethoscope’s
top-down imaging. This issue was overcome in part by using HD video setups that recorded
flies in profile. A potential future application of these findings would be to develop a "flipped
ethoscope”, which could record multiple flies in profile. This might capture more meaningful
movement during sleep, allowing for deeper analysis of behaviour during sleep stages, but still

in a high throughput manner.

7.3 Conclusion

This study aimed to identify observational behavioural correlates of sleep in Drosophila, but
its success was limited. While it was hoped that the ethoscope’s ellipse tracking would reveal
behaviours not detectable by eye, this was not realised, apart from possible grouping of mean
velocity values, which warrant further investigation. Extending the research through HD video
analysis began to uncover postures that likely correlate with sleep, as supported by previous
literature, though these postures were not verified by arousal threshold measurements in this

study.

Recent work by Keles et al. has advanced sleep research in Drosophila by using more soph-
isticated setups. They identified the haltere switch as a potential marker for deeper sleep and

developed a closed-loop system to probe arousal thresholds [185]. While this study partially
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corroborates their findings, Keles et al. surpasses it in the novel information it brings to the

field.

Together, these findings reinforce the idea that behavioural markers can be used to score sleep
in flies with greater precision than the traditional 5-minute rule or HMM-derived sleep states.
However, translating these insights into a high-throughput, user-friendly system remains an
unresolved challenge. The next critical steps in Drosophila sleep research will involve correlating
behavioural markers with brain activity to confirm them as dynamic sleep stages. The ultimate
goal is to develop a system capable of capturing, scoring, and storing these behavioural changes,

providing a widely accessible tool for Drosophila sleep researchers in their everyday analyses.
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Transition probability matrix for D.melanogaster (CS and wild caught)

oemmommmn . Deensteep 1 Lightsleep 1 QuietAwake 1 _Active Awake |
I’ Dpeep sleep 0.83462822 | 0.01013009 ! 0.11524169 | 0.0 1
I Lightsteep ' 011252304 | 067248921 1 021498776 | 0.0 1
I Quiet Awake ! 0.0 I 025632002 ! 073134791 1 0.01233207 |
I Active Awake | 0.0 I 0.0 I 0.02062261 1 097937739 1

Transition probability matrix for D.simulans

oemmemean _Decpsteep 1 LightSleep 1 QuietAwake 1 _ Active Awake |
I Dpeep sleep 0.77785973 | 0.20578346 1 0.04094627 | 0.0 1
I Lightsleep ' 012433228 1| 063058143 1 022091449 | 0.0 1
I Quiet Awake ! 0.0 I 046449872 1 041151333 1 0.12398795 |
I Active Awake | 0.0 I 0.0 I 0.09426005 1 0.90573995 1
Transition probability matrix for D.sechellia

: eme . Decpsteep 1 Lightsleep 1 QuietAwake 1 _Active Awake |
I---D:;p-S-IeEP 1 077785973 | 020578346 1V 0.01635681 | 0.0 1
I Lightsleep ' 012433208 | 063213012 1 02435376 | 0.0 I
I Quiet Awake ! 0.0 I 031141001 ! 0675898351 1 0.01269074 |
I Active Awake | 0.0 1 0.0 I 0.01514826 1 0.98485174 1
Transition probability matrix for D.erecta

D emomoo.!_Deepsteep 1 LightSleep 1 _ QuietAwake 1 _ Active Awake |
I peepsieep ! 090733131 | 008920603 | 0.00337265 | 0.0 1
I Lightsteep ' 003079624 1 073205972 1 023624404 | 0.0 I
I Quiet Awake ! 0.0 I 045020044 ' 049015903 1 0.05964052 |
I Active Awake | 0.0 1 0.0 I 0.07935718 1 0.92064282 1
Transition probability matrix for D.yakuba

e Doy 1 LightSleep | L QuietAwake 1 Active Awake
I' Deepsieep ! 092050508 | 0.04951318 1| 0.02008175 | 0.0 1
I Lightsieep ' 0.1036084 1| 062352404 1 027286666 | 0.0 1
I Quiet Awake ! 0.0 I 03684207 ! 057234612 1 0.05923318 |
I Active Awake | 0.0 I 0.0 I 002922311 1 0097077689 1
Transition probability matrix for D.willistoni

leeemmmmeal o DocpSlecp 1 LightSleep 1 QuietAwake 1 Active Awake |
I' Deepsieep ! 094961155 | 0.04039581 1 0.00999263 | 0.0 1
I Lightsieep ' 004741797 1 072146242 V 023111061 | 0.0 1
I Quiet Awake ! 0.0 I 032728565 ! 061552884 1 0.05708551 |
I Active Awake | 0.0 1 0.0 I 005707633 1 0.94292367 1
Transition probability matrix for D.virilis

! cmme o DicpSleep N UghtSleep | QuietAwake ! ActiveAwake !
|“TJ:_-;p-s-leep 1 6.7006379 I 019127519 1 001808691 | 0.0 1
I Lightsieep ! 014862515 1 065988750 1 0.19148725 | 0.0 1
I Quiet Awake ! 0.0 I 035849722 ! 060039392 1 0.04110886 |
I Active Awake | 0.0 1 0.0 I 0.05530234 1 094469766 1

Table A.1: The table shows all the likelihoods of transition between behavioural stage by species
as calculated by the HMM. Values are between 0 (never) and 1 (always). The pairings should
be read horizontally
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Emission probability matrix for D.melanogaster (CS and wild caught)

1 i Inactive | Active _|
T T e R
I Lightsleep ! 1.0 I 0.0 !
I QuietAwake ! 0.15077545 1 0.84922455 |
I ActiveAwake | 0.0144416 1  o0.985584 |

Emission probability matrix for D.simulans

1 1 Inactive | Active i
1 Deep Sleep ! 1.0 1 0.0 !
I Lightsieep ! 1.0 1 0.0 !
1 Quiet Awake ! 0.07451264 1 0.92548736 1
I ActiveAwake ! 0.03569679 1 0.96430321 |
Emission probability matrix for D.sechellia
| 1 Inactive | Active I
1 Deep Sleep ! 1.0 1 0.0 !
I Lightsieep ! 1.0 I 0.0 !
1 Quiet Awake ! 0.05570972 1 0.94429028 1
I Activeawake ! 0.02184815 1 0.97815185 |
Emission probability matrix for D.erecta
| 1 Inactive | Active i
1 Deep Sleep ! 1.0 1 0.0 !
I Lightsieep ! 1.0 1 0.0 !
I Quietawake ! 0.15102444 1 o0.84897556 |
I Active Awake 1 0.06291448 i 0.93708552 1
Emission probability matrix for D.yakuba
I 1 Inactive | Active I
1 Deep Sleep ! 1.0 1 0.0 !
I Lightsieep ! 1.0 1 0.0 !
1 Quiet Awake ! 0.06413117 1 0.93586883 1
1 Active Awake 1 0.02210849 i 0.97789151 1
Emission probability matrix for D.willistoni
i 1 Inactive | Active i
1 Deep Sleep 1.0 1 0.0 !
I Lightsieep ! 1.0 I 0.0 !
1 Quiet Awake ! 0.12435357 1 0.87564643 1
I ActiveAwake ! 0.04636757 1 0.95363243 |
Emission probability matrix for D.virilis
1 1 Inactive | Active i
I Deep Sleep ! 1.0 1 0.0 !
I Lightsieep ! 1.0 1 0.0 !
1 Quiet Awake ! 0.10151369 1 0.89848631 1
1 Active Awake 1 0.02722446 i 0.97277555 1

Table A.2: The table shows all the likelihoods of each state occurring per observable as calcu-
lated by the HMM. Values are between 0 (never) and 1 (always). The pairings should be read

horizontally
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