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Abstract

Unsupervised machine learning has emerged as a powerful
method, offering the ability to detect patterns, and reveal hidden
relationships in health-related data without relying on manual la-
bels. This thesis aims to explore the existing applications and fu-
ture potentials of unsupervised machine learning in digital health.
There are vast amounts of unlabeled data in medical research, and
there is a growing need for digital solutions to tackle health chal-
lenges in a growing and aging population. Digital health plays
a key role in the paradigm shift of medicine towards predictive,
preventive, personalized, and participatory healthcare. By in-
vestigating unsupervised machine learning in sleep research, this
thesis aims to derive implications for digital health and contribute
to the fields of information systems and data science.

Sleep, as one of the pillars of health, has a substantial contri-
bution to various mechanisms in our body, including the brain,
hormonal balance, and the cardiovascular system. Good sleep
can help to improve overall physical and mental health, while
poor sleep is associated with chronic diseases, decreased cognitive
function, and a shortened lifespan. Even though it is common
knowledge that sleep is important, it can be difficult to maintain
good sleep. There can be physical, psychological and lifestyle fac-
tors impacting the quality of sleep. Digital health and machine
learning can address this issue from various perspectives, such as
the efficient diagnosis and provision of treatment options for peo-
ple with sleep disorders, the collection of longitudinal sleep data,
and the analysis of sleep recordings.

This thesis first maps all existing publications on unsupervised
machine learning in sleep research and then conducts four case
studies with selected unsupervised machine learning methods on
different forms of sleep data. The cases use anomaly detection,
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dimensionality reduction, clustering, and association rules with
data on respiration and brain during sleep, as well as objective
and subjective sleep quality assessment, and engagement with a
digital therapeutics application. Each case aims to represent a
novel method to show the range and diversity of contributions of
unsupervised machine learning for sleep and encourage researchers
to tread new pathways for digital health. The main contributions
of the thesis are outlining the existing applications of unsupervised
machine learning in sleep research, exploring and applying differ-
ent forms of health data, critically discussing the clinical value of
unsupervised learning, and, ultimately, finding new pathways for
unsupervised learning in digital health.

Keywords: Unsupervised Machine Learning, Digital Health,
Sleep
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Chapter 1

Introduction

Health is a global issue, with rising chronic conditions and limited
healthcare resources. Sleep, as one pillar of health, is tightly inter-
woven in this complex environment of health challenges [10], [11].
Digital health may be the pathway to overcome these issues in
the future by expanding healthcare coverage, improving decision-
making, and empowering patients to take care of their own health
[12]. Digital technologies, ranging from mobile applications and
wearable sensors to advanced analysis, are currently facilitating
a new era of healthcare [13]. Digital health allows contemporary
medicine to be predictive, preventive, personalized, and partici-
patory, which is referred to as 4P Medicine [14]. This paradigm
shift simplifies and automates existing processes in the healthcare
ecosystem and, at the same time, introduces new opportunities.
Predictive medicine aims to anticipate conditions before their on-
set or recognize them at an early stage. An important technolog-
ical development is machine learning as a predictive tool for dis-
ease detection and risk assessment [15]. The success of machine
learning in health care is driven by new possibilities for data col-
lection, as well as storing, sharing, and processing of health data
[16]. Preventive medicine is closely linked to this data revolution
as well. Increased velocity, volume, and variety of health data
enable advanced monitoring and screening [17]. By changing how
healthcare is delivered, remote care can be a preventive measure
for promoting health-supporting behavior. Personalized medicine
paves the way for precision medicine by tailoring interventions
and treatments to the needs of an individual and making data-
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2 CHAPTER 1. INTRODUCTION

driven decisions based on their distinct characteristics. Partici-
patory medicine reshapes the relationship between patients and
the healthcare sector, as well as the relationship of patients with
their own health. Simplified measurement and data sharing be-
tween patients and healthcare professionals allow patients to track
and view their own health data or receive treatment remotely [18],
[19].

At its core, digital health is a collection of technologies, in-
cluding machine learning, that can improve the prevention, diag-
nosis, treatment, monitoring, and management of health-related
issues [20]. While the methods are steadily evolving and promis-
ing a healthcare revolution, their adoption in clinical practice is
slow as it requires the behavioral change of millions of physicians
[21]. Roy, Meena, and Lim [22] identified the need for labeled
data, data quality, and low reproducibility in real-life settings as
barriers for moving supervised machine learning applications into
clinical practice. Unsupervised machine learning, with its diverse
applications and ability to detect patterns in health-related data
without relying on manual labels, has the potential to open up
new research directions [23]. This thesis aims to explore how dif-
ferent unsupervised machine learning methods can contribute to
different areas of digital health.

With unsupervised learning, research breaks free from the lim-
itations of labeled data and opens the door to new insights that
human-defined labels may have obscured. Unsupervised learning
holds high potential for health-related data, as manual labels are
often scarce or unreliable [24]. Various methods achieved major
breakthroughs in recent years without or only partially relying on
labeled data, such as alphago zero [25], BERT [26], or GPT [27].
Generative models, for example, have gained widespread atten-
tion in the general population for their ability to produce realistic
images, music, and videos [28]. Still, it is often overshadowed
by the success of supervised models. The tables may be turning
now, as LeCun, Bengio, and Hinton [29] suggested that unsu-
pervised learning will eventually surpass supervised methods in
importance, as it mirrors the way humans and animals naturally
acquire knowledge. Their words, "we discover the structure of the
world by observing it, not by being told the name of every object"
[29][p.7], capture the essence of unsupervised learning: the power
of learning directly from data without relying on labels. This way,
unsupervised learning is able to identify hidden patterns without
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making prior assumptions about the data and reducing human
bias [30]. This thesis explores unsupervised learning by demon-
strating its adaptability, interpretability, and clinical relevance
across different health-related challenges in the context of sleep
research.

Sleep is an interesting application domain for digital health,
as it impacts and is impacted by various processes in the body.
Therefore, sleep-related research offers a variety of data spanning
different physiological processes, measurement devices, and popu-
lation groups [31]. Sleep can be measured on a millisecond basis,
as well as in a long-term study spanning over years. Everyone
needs to sleep, which makes it an impactful area of digital health,
that everyone can understand and relate to. Machine learning
has been a driving force in the evolution of sleep research [32].
Years of research on machine learning have provided us with the
methods to automate the analysis of sleep data, which can sig-
nificantly reduce the workload of medical professionals and sleep
researchers. Common applications are the classification of sleep
stages [33] and the automatic detection of respiratory events [34].
Machine learning has the potential to, on the one hand, reduce
manual effort for sleep technologists and, on the other hand, an-
alyze sleep in unprecedented depth and precision [35]. Yet, there
are challenges for machine learning with sleep data, such as the
scarcity and ambiguity of manual labels [36].

Therefore, is unsupervised learning a less explored but highly
relevant avenue within digital health in general and sleep in par-
ticular. Current areas of concern are the rising need for digital
health solutions, the slow adoption of existing methods in prac-
tice, and the limited amount of research on unsupervised machine
learning. Sleep is both, tightly connected to general health from
a medical perspective, but also benefits from digital solutions and
unsupervised learning from a technical perspective. The thesis
aims to contribute to the body of literature on unsupervised ma-
chine learning in digital health by i.) outlining the state of the
art of unsupervised machine learning in sleep research, ii.) explor-
ing and applying different forms of health data, iii.) evaluating
the contribution of unsupervised machine learning from a clinical
perspective and iv.) identifying new pathways for unsupervised
learning in digital health. The following sections will provide a
fundamental understanding of unsupervised learning, sleep, and
medical data and show which challenges arise at the intersection of
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these domains. Ultimately, this section will outline the structure
of the thesis and define four research questions.

1.1 The Rise of Unsupervised Learning
Machine learning teaches computers to learn from data [37]. In
this context, learning means improving the computer’s own per-
formance in a given task based on experience by being confronted
with data and creating an internal model. This model of the
known data is then used to identify patterns or make predictions
about new data [38]. This is a fundamental shift in programming.
Hence, instead of providing the computer with rules on how to
achieve a task, we teach it to derive its own rules. Even though
the theoretical foundations for machine learning reach as far back
as 1958 [39], its rapid evolution has been driven by the advance-
ments in computational power and availability of large datasets.

There are different learning approaches within machine learn-
ing. The most common ones are supervised learning, unsupervised
learning, and reinforcement learning. Firstly, Supervised Learn-
ing is trained on labeled datasets, where each training example
is paired with an output label. This way, a mapping from inputs
to outputs based on the known data and labels is learned. These
models then apply the mapping to predict the most likely label
for new unlabeled data [40]. Secondly, Unsupervised Learning is
trained on unlabeled data. The primary goal is to uncover hid-
den structures or patterns in the data without predefined outputs.
Thirdly, Reinforcement Learning is trained through interactions
with an environment. A so-called learning agent receives feedback
in the form of rewards or penalties, guiding it toward actions that
maximize a reward function over time [41].

There are two other common forms of machine learning that
are related to but cannot be directly placed in these three cate-
gories: semi-supervised and self-supervised learning. Both meth-
ods show characteristics of supervised and unsupervised methods.
Semi-supervised learning bridges the gap between supervised and
unsupervised learning by leveraging both labeled and unlabeled
data [42]. Self-supervised learning trains creates labels from un-
labeled data [43].

Unsupervised machine learning can infer patterns within data
without reference to known or labeled outcomes [44]. Summariz-
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ing from multiple resources, unsupervised machine learning can
be defined as every machine learning method that does not rely
on labeled data [44], [45]. Unsupervised machine learning in-
cludes various methods such as clustering, dimensionality reduc-
tion, anomaly detection, and association rule learning [46]. Fur-
thermore, different generative models and Hidden Markov Mod-
els can be considered as unsupervised machine learning [47]. The
different unsupervised learning methods will be covered in the
Related Work.

1.2 Sleep as a Diverse Research Land-
scape

Sleep research represents a diverse and dynamic landscape that
spans multiple application areas. Sleep offers a diverse range of
digital health data types for machine learning applications [31].
Sleep is a relatable and relevant research topic since we all do it
every single day. At its most fundamental level, it remains an un-
explored research domain with the potential to reveal new insights
into why we sleep and what happens during sleep, addressing the
vital question of sleep’s crucial role in sustaining life. Sleep disor-
ders cover a broad spectrum of health issues, from breathing and
movement disorders to psychological disturbances [48], with the
addition that these conditions often intertwine with other health
challenges, such as epilepsy [49] and neurodegenerative disorders
[50]. Treatment strategies mirror this complexity, ranging from
lifestyle interventions provided in person or digitally, cognitive
behavioral therapy to medication and specialized medical devices
[51]. Finally, the sleep field holds heterogeneous data types, rang-
ing from detailed clinical measurements to simplified tracking at
home. Clinical measurement can reveal detailed physiological in-
formation on various processes in the body, while wearables pro-
vide less detailed information but can track sleep longitudinally
[52]. Collectively, these data types offer high potential for un-
supervised machine learning and digital health applications to
deepen our understanding and management of sleep health.
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1.2.1 The Scope of Sleep Research
Sleep research aims to understand sleep and sleep-related disor-
ders. Sleep is a condition of the body and mind, which is char-
acterized by unconsciousness, inactivity of the nervous system,
closed eyes, and relaxed muscles [53]. By falling asleep, the hu-
man enters a state in which most body functions work differently
than from the waking state [54]. In the following we will give fun-
damental background on sleep and describe the different areas of
sleep research. We will then explain different forms of sleep data
and relate them to digital health.

Sleep Architecture

There are two different stages of human sleep: Rapid Eye Move-
ment (REM) Sleep and non-REM sleep. The non-REM sleep is
further divided into stages N1, N2, and N3, which are character-
ized by low brain activity, and gradually increasing depth of sleep.
The depth of sleep is measured by the arousal threshold, i.e., how
likely a person is to wake up. These stages account for 75% to
80% of sleep [53]. Especially deep sleep (N3) is important for the
body since is strongly connected with daytime functioning [55]
and strengthening the immune system [56]. The REM stage is
characterized by high brain activity, rapid eye movement, and an
otherwise paralyzed body. In this stage, most dreams are experi-
enced. During REM sleep, the brain exercises important neural
connections that are essential for learning and memory [56]. This
stage accounts for 20% to 25% of sleep [53]. After falling asleep,
we first pass through different non-REM stages, from light sleep
to deep sleep, and after approximately 80-100 minutes, the REM
stage is entered for the first time. Sleep stages can be visualized
in a hypnogram, a graph that shows the progression through dif-
ferent sleep stages over time. A hypnogram of healthy sleep can
be seen in Figure 1.1, where the non-REM stages are colored in
grey, and REM is colored in red.

The Circadian Rhythm

The circadian rhythm is the inner clock of the body, regulating
the sleep-wake cycle [57]. It initiates the release of melatonin, a
hormone promoting sleep, and lowers the body temperature dur-
ing the night. The circadian rhythm is endogenous, as it repeats
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Figure 1.1: A Visualization of the Author’s Sleep Stages

in periods of approximately 24 hours, even in constant darkness.
However, it can be impacted by environmental factors, such as
light, temperature, activity, and nutrition [58]. Being exposed to
blue light, e.g., from television or smartphones, in the evening
can disturb the circadian rhythm and prevent the release of mela-
tonin, a potential cause why people struggle to fall asleep in the
evening [59].

Sleep Hygiene

Taking care of good preconditions for sleep is called maintaining
good sleep hygiene. This includes spending as little time in bed
as possible, avoiding nicotine, caffeine, and alcohol, and keeping
regular sleep schedules [60]. A healthy sleep is characterized by
sufficient duration, continuity, and timing [61]. Chronic sleep de-
privation or misalignment of sleep to the circadian rhythm, e.g.,
due to shift work, can have several negative effects on the body, in-
cluding daytime sleepiness, fatigue, and memory impairment [62].
Sleep deprivation lowers alertness and attention during the day-
time [63]. Slower reactions and, in extreme cases, micro-episodes
of sleep can lead to accidents e.g., in traffic. A sleep depriva-
tion of 24 hours lowers the reflexes as much as a blood alcohol
concentration of 0.5–0.8‰ [64].

Sleep Quality

There is no universally agreed-upon definition of sleep quality or
a standard approach to measuring it. It is often characterized
by specific aspects of an individual’s sleep that can be quantified
using parameters such as total sleep duration, sleep onset latency,
and sleep efficiency [65]. These metrics are referred to as sleep
parameters. Sleep quality can be assessed both subjectively, the
subjective experience of sleep, and objectively, the objective mea-
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surement of sleep. Information about the subjective experience of
sleep is derived from self-reports such as sleep diaries [65]. Sub-
jective sleep quality is not directly linked to any specific sleep
parameters but reflects rather a combination of multiple factors
[66]. Objective information about sleep is measured, for exam-
ple, through PSG [67] or wearables [68]. However, often there is
no correlation between sleep experiences and measured sleep pa-
rameters [69]. Sleep quality is a multidimensional construct, and
previous research has shown that subjective and objective sleep
quality both impact health [70], [71]. The relationship between
subjective and objective sleep quality varies between people of dif-
ferent pathologies [72], medication intake [69], age [73] and gender
[74].

Sleep Disorders

The most common sleep disorders are insomnia and obstructive
sleep apnea (OSA) [54], which also often coexist [75]. Insomnia is
a sleep disorder characterized by difficulty falling asleep, staying
asleep, and experiencing non-restorative sleep. Insomnia can stem
from a disturbance of the circadian rhythm or an intrinsic sleep
mechanism disorder. It can also be caused by sleep disturbance,
either by internal factors such as psychological disorders or health
conditions or external factors such as noise, temperature, or bed
partners. Insomnia can cause fatigue, mood disturbance, daytime
sleepiness, and other behavioral problems [76]. Chronic insomnia
has wide-ranging impacts on physical and mental health, con-
tributing to conditions such as cardiovascular disease, depression,
and cognitive decline. Other sleep disorders are REM sleep be-
havior disorder [77], Restless Legs Syndrome (RLS) [78], Periodic
Limb Movement Disorder (PLMD) [79], narcolepsy, parasomnias,
and circadian rhythm disorders [48], [54].

Sleep-disordered breathing (SDB) is a term for all breathing-
related sleep disorders ranging from habitual snoring to severe
OSA. While SDB often remains undiagnosed, approximately 9%
of women and 24% of men in the general population suffer from
sleep-disordered breathing [80]. OSA is the most common sleep
disorder worldwide. OSA is characterized by temporary interrup-
tions of breathing during sleep [81], caused by an obstruction of
the upper airway [82]. It is estimated that globally 425 million
individuals have moderate to severe OSA, i.e., with 15 or more
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breathing events per hour [83]. A disruption of the airflow for
more than 10 seconds is called an apnea. A decrease, but not
complete disruption, of the airflow lasting at least 10 seconds is
called hypopnea [84]. The severity of OSA is typically indicated
by the metric Apnea-Hypopnea Index (AHI), which counts the
number of apneas or hypopneas per hour. A relaxation of the
muscles in the upper airway causes this obstruction, as can be
seen in Figure 1.2.

Figure 1.2: A Normal Breath vs. an Upper Airway Obstruction

Apneas lead to an almost complete decline in the airflow, while
hypopneas reduce the airflow by 30% or more. Both events occur
intermittently and repeatedly during the night, leading to desat-
uration of the blood oxygen level and hypoxia. This alarms the
brain during sleep, causes arousal, and disrupts sleep. For this
reason, it is more difficult for people with OSA to get sufficient
amounts of restorative sleep. People with OSA usually go back
to normal breathing and back to sleep without remembering the
disruption, which is why many are not aware of their sleeping dis-
order. This explains why 80% of the patients affected by OSA
remain undiagnosed [85]. Even though short, unnoticeable awak-
enings like this seem harmless, they can lead to serious health
implications. They prevent the patient from entering and stay-
ing in REM and deep sleep, which is crucial for restorative sleep.
Figure 1.3 shows a hypnogram, i.e., the sleep stages, of an OSA
patient derived from the brain activity in a one-night sleep record-
ing. In the hypnogram, it is visible that the person often switches
back to wake and enters REM and deep sleep only briefly. OSA
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patients only rarely enter deep sleep, and when they do, they are
quickly interrupted by arousal. Snoring is often co-occurring or
preceding OSA [86].

Figure 1.3: The Sleep Stages of an OSA Patient.

If this condition remains undiagnosed and untreated, sleep de-
privation and other down-stream effects of breathing disturbance,
such as intermittent hypoxia, will seriously affect the health of
the patient. OSA can be treated with continuous positive airway
pressure [87]. A constant level of pressure is applied to the up-
per respiratory tract through a nasal or oronasal mask. Contem-
porary research aims to improve OSA without medical devices,
but rather by tackling it at the root and leading patients into
to health-supporting behavioral changes, e.g., an exercise-based
lifestyle intervention [88], reduce obesity levels [89] or improving
muscle tone with myofunctional therapy [90].

1.2.2 Different Forms of Sleep Data
Physiological data can be defined as the collection of measure-
ments that can monitor both the mental and physical status of hu-
mans. It captures various physiological processes stemming from
various parts of the body. This can be a single measurement, such
as e.g., measuring height and weight, a short time measurement,
e.g., a reaction test, or a long time measurement, e.g., tracking
of blood sugar levels. These examples provide a first impression
of the diversity and complexity of physiological data. Sleep data
is usually a combination of multiple bio-signals captured during
sleep [31].

The most common form of sleep measurement is polysomnog-
raphy (PSG) [32]. PSG is the continuous recording of physiologic
activity during sleep, used to monitor a patient during sleep and
diagnose sleep-related conditions. It is a combination of different
sensors, measuring different processes of the body. Different forms
of sleep studies include different measurement devices. A Type I
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• Electroencephalography
• Electrocorticography 
• Magnetic Resonance Imaging
• Magnetoencephalography

Brain

• Electrocardiography
• Sphygmomanometer

Heart

• Respiratory inductance 
Plethysmograph belts

• Nasal cannula or oronasal cannula
• Blood oxygen saturation 

Breathing

• Electromyography 
• Electrooculography
• Electrodermal activity

Other Signals

Figure 1.4: Overview of Physiological Data used in Sleep Research
[1]

sleep study requires the patient to sleep in a special facility mon-
itored by trained staff. Type II sleep study is typically set up by
a medical professional, but the sleep measurement itself can hap-
pen at home [67]. Type III sleep study is a simplified form with a
reduced number of sensors. Figure 1.5 shows the different sensors
included in a Type II sleep study. It includes electroencephalogra-
phy (EEG) to measure brain activity, electrocardiography (ECG),
electrooculography (EOG), and electromyography (EMG), which
measure the activity in the brain, the heart, and the muscles [91].
It furthermore includes a nasal cannula and belts measuring the
respiration. In the following, each sensor and corresponding data
will be described in more detail.

Brain activity during sleep is measured with electrodes which
are placed on specific positions of the head. Figure 1.5 shows ex-
emplary positions of electrodes in a PSG recording. The EEG has
different characteristics in different sleep stages. The amplitude,
frequency, and specific patterns of the EEG signal indicate the
current sleep stage [92]. One of these specific patterns, we will
refer to as micro features, is the K-Complex which indicates sleep
stage N2 and is related to memory consolidation and preventing
sleep arousal [93].

The respiratory effort, i.e., the extent of breathing, can be
measured with abdominal and thoracic respiratory belts and nasal
cannula pressure monitoring [94]. Respiratory Inductance Plethys-
mography (RIP) belts measure the inflation and deflation of the
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Figure 1.5: Visualization of a PSG Set-up

b. Deep Sleep EEG

a. Light Sleep EEG

c. REM Sleep EEG

Figure 1.6: Exemplary Sequences of EEG in Light, Deep, and
REM Sleep

chest during breathing. One belt is fastened around the thorax,
and another belt is fastened around the abdomen, as can be seen
in Figure 1.5. The thorax inflates with air in the moment of in-
halation and deflates in the moment of exhalation [95]. Hence, the
RIP belts indirectly measure the change in lung volume through
the strain of the belt [96]. The nasal airflow can be measured with
a nasal cannula. It consists of a tube with two openings, which are
placed in the nostrils and are fixed with tape. A pressure trans-
ducer captures the airflow entering and leaving the nose. Mouth
breathing can be captured as well, for example, with an oronasal
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cannula or a thermistor. An exemplary sequence of the respira-
tory signals can be seen in Fig. 1.7, where the thorax movement is
colored in light blue, the abdomen movement dark blue, and the
nasal flow dark green. The blood oxygen saturation is influenced
by breathing, which is why many OSA-related publications use
pulse oximeters to detect respiratory events [97]–[100].

0 2 4 6 8 10
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1

0

1

2

3

4
Thorax
Abdomen
Nasal Flow
Oral Flow

Figure 1.7: An Exemplary 10-second Sequence of Respiratory Sig-
nals

Measuring cardiovascular function during sleep can be done
with different levels of precision. In PSG, ECG electrodes on the
chest offer a precise measurement of heart function during sleep.
Blood pressure can also be relevant in research on morning surge
[101]. Muscle activity is monitored using EMG, which is typically
placed on the chin or on the legs. EMG is useful for detecting
conditions like RLS and identifying muscle atonia during REM
sleep [102], [103]. Eye movements, which are equally relevant for
detecting REM sleep, are tracked through EOG. For this mea-
surement, electrodes are placed close to the eyes. In addition to
these, electrodermal activity (EDA) is used to measure skin con-
ductance as an indicator of sweating, offering insights into the
autonomic nervous system’s activity during sleep [104].

Digital Tools to Measure Sleep

Even though PSG is considered the gold standard for sleep mea-
surement, its complexity and high effort make it impractical for
long-term monitoring [67]. In contrast, digital solutions such as
wearables or nearables can estimate bed and wake times, night-
time awakenings, and the duration of light and deep sleep based
on simplified measurements [68]. They are not as precise as PSG
but excel in gathering natural, long-term sleep data, often referred
to as ‘free-living sleep,’ which plays a crucial role in sleep research
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[105]. Heart rate and breathing, for example, can be approx-
imated with different wearable devices, including smartwatches
and smart rings. They measure heart rate through optical sen-
sors, providing a general but less detailed view of heart activity
[106]. Also, nearable devices such as sensors integrated into the
bed aim to approximate the heart rate of a person during sleep
[107].

• Smartwatch
• Smart ring
• Actigraphy
• Heart rate monitor

Wearables

• Load cells in bed corners
• Surface sensor mats
• Static-charge-sensitive bed
• Bedsheet sensors
• Pillow pressure sensor

Mattress Sensors

• Eye tracking
• Facial action data
• Simple camera
• Infrared camera
• 3D camera 

Video

• Headset microphone
• Tracheal sound sensor
• Phone microphone
• Ambient microphone
• Directional microphone 

• Radio frequency
• Infrared sensor
• Air quality sensor
• Time-of-Flight sensor
• Ultra-wideband radar IoT devices
• Smart home motion sensors
• Piezoelectric sensor
• Doppler radar
• Binary motion sensors
• Wi-Fi (channel state information 

and received signal strength)

Other Sensors

Audio

Figure 1.8: Overview of Data from Wearables and Nearables Used
in Sleep Research [1]

These measurements can be done with devices that track sleep
without being physically attached to the body, such as sleep-
tracking mattresses or radar devices. Since these devices do not
measure EEG, they estimate sleep and wake times and the sleep
stages, e.g., from heart rate, movement, or breathing. They are
commonly used for personal health tracking and have proven their
value in clinical practice as well [108]. Figure 1.8 shows different
forms of tracking sleep and gives examples for specific devices in
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each category. There is a new dawn in sleep research, where novel
data streams are becoming more interesting and insightful [31].

Smartwatches and rings are used for sleep staging [109]–[111],
detecting respiratory events [112] and analyzing sleep patterns
[113], [114]. Video has been used to monitor sleep postures [115],
movements [116], breathing [117] and heart rate [118] during sleep.
Audio measures sleep by placing a microphone on the body or
close to the bed. This way, sounds like coughs [119] or snoring
[120], [121] during the night can be identified. A different ap-
proach is extracting information about sleep from speech during
wake, e.g., to predict OSA and other sleep disorders from speech
recordings during wake [122]–[124].

An individual’s subjective perception of sleep, whether they
feel rested or fatigued, can be just as important, or even more
important than physiological measurements [70], [71], [125]. One
way to measure subjective sleep quality is through Likert-style
self-assessments, where participants rate their sleep experience
[65]. For a more detailed evaluation, sleep diaries break these as-
sessments down into specific aspects, such as ease of falling asleep
or waking up during the night [126]. These evaluations can be
recorded digitally in a symptom-tracking mobile application or
manually documented in a paper-based sleep diary [127].

Challenges of Sleep Data

There are multiple challenges that rise through the current use of
sleep data. These include the high labeling effort, low reliability of
labels, and data complexity. Sleep technologists are professionals
who can score sleep data manually. They label the signals based
on rules defined by the American Academy for Sleep Medicine
(AASM) [128]. Possible labels include, e.g., sleep stages, arousal,
and breathing events. The scoring requires 2-3 hours of time by
a sleep technologist [129]. This limits the number of people with
sleep disorders receiving a diagnosis and treatment, leading to
long waiting lists for taking a sleep measurement.

The data of PSG recordings can be saved in the .edf standard
format, an open-source file format used in the medical sector.
It is designed for multi-channel medical time series and allows
different sampling frequencies for each signal [130]. Depending on
the sampling frequencies and the number of channels used in the
PSG, this results in a complex data set. A single signal of 8 hours
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with a sampling frequency of 200 Hz results in 5,760,000 values
[2]. Hence, one challenge of machine learning in sleep research is
data complexity and diversity. To process this large amount of
data, we face a trade-off between run-time and the completeness
of the data representation. Additionally, the signals have different
scales. As some machine learning models are sensitive to different-
sized scales, there is the need to prevent the signals with larger
scales to out rule the signals with smaller scales by scaling the
data to the same range.

Another limitation is that the manual labels of sleep stages are
not only time-consuming and expensive but also rely on the sub-
jective judgment of the sleep technologist. The significance of this
subjectivity can be observed when comparing the manual labels
of two independent sleep technologists when scoring sleep stages.
Their inter-rater reliability commonly results in a Cohen’s Kappa
of 0.71 [36]. Even lower agreement exists between sleep technolo-
gists from different laboratories [131] or in populations with sleep
disorders [132]. Considering that the manual labeling of sleep
data is time-consuming and expensive, and the reliability of these
labels is relatively low, it makes sense to explore unsupervised
learning that does not train on manual labels.
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1.3 Outline and Contribution
This PhD thesis investigates the role of unsupervised machine
learning in advancing digital health applications within sleep re-
search. By exploring both existing and potential applications, the
work aims to uncover new pathways that can drive innovation in
the field of digital health. The thesis aims to contribute to infor-
mation systems and data science by providing an understanding of
the state of the art of unsupervised learning in this area, as well
as implementing and evaluating different unsupervised learning
methods in different areas of sleep research. Ultimately this the-
sis aims to, both, connect advancements in unsupervised learning
with advancements in digital health, and consider these techni-
cal findings from social/human perspective to create a balanced
sociotechnical view [133].

We aim to answer the following research questions (RQs):

• RQ1: What is the state of the art of unsupervised learning
methods in sleep research?

• RQ2: Which health data types exist and how can they be
integrated in unsupervised learning?

• RQ3: How can unsupervised learning make a meaningful
clinical contribution?

• RQ4: Where can unsupervised learning open up new path-
ways for digital health?

The following sections will explain the core methods of un-
supervised machine learning and review how these methods have
been used in sleep research. Then, the methodology of this thesis
will be presented. The thesis is built upon a comprehensive liter-
ature review and four case studies, which build up on a collection
of papers that are all published or under consideration for pub-
lication in peer-reviewed outlets. The literature review considers
the entire width of methods, data types, and applications of un-
supervised machine learning in sleep research. The case studies
cover various unsupervised learning methods, including anomaly
detection, dimensionality reduction, association rule mining, and
clustering, and are examined across multiple areas of sleep re-
search. These areas include breathing during sleep, sleep staging,
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objective and subjective sleep quality, and the development of dig-
ital therapeutics for sleep improvement. In the methods section,
the different data sets and unsupervised learning methods used in
the case studies will be described in more detail. Then the results
of the review (Paper 1), as well as the results of the case stud-
ies (Papers 2, 3, 4, and 5) will be summarized and synthesized.
Based on this, the research questions will be discussed, and both
theoretical and practical implications for sleep and digital health
and for data science and information systems will be derived.



Chapter 2

Related Work

Unsupervised machine learning encompasses a broad family of
methods that differ considerably in their learning approaches and
applications. Despite this diversity, all these methods share one
characteristic: they learn patterns and structures directly from
data without the need for labeled outcomes. This characteristics
makes unsupervised learning inherently different from supervised
learning. While supervised learning has received more attention
in existing literature in the past [29], the number of publications
is rapidly growing [1].

Figure 2.1: Timeline of Publications on Unsupervised Learning in
Sleep Research

19
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Figure 2.1 shows the number of publications on unsupervised
learning in sleep research from the 1970s until now. The follow-
ing section will introduce the learning approaches of the most
common unsupervised learning approaches, review how they have
been applied in sleep research in existing literature, and conclude
research gaps.

2.1 Clustering
Clustering is an unsupervised learning method that groups items
based on similarity [134]. Items within the same cluster are more
similar to each other than they are to items in other clusters. A
crucial aspect of clustering, which categorizes it as an unsuper-
vised learning method, is that the cluster labels are not prede-
termined [135]. Instead, clusters are formed purely based on the
intrinsic features of each item. The specific manner in which these
features are employed to group similar items varies across different
methods [136]. Ghorvei et al. [7] provide a comparative analysis
of different clustering methods for PSG-based phenotyping. In
the following sections, we will outline the three most common
clustering methods.

Partition-based Clustering

In partition-based clustering, the dataset is segmented into dis-
tinct groups. The K-Means algorithm is a clustering strategy,
where the number of clusters, denoted as K, is predetermined
[137]. Initially, K centroids are generated at random and represent
the centers of these clusters. This establishes an initial clustering
configuration, which is later refined through an optimization pro-
cedure. During this refinement, the algorithm evaluates the simi-
larity of points within a cluster as well as their distance to other
centroids, making adjustments until an optimal arrangement is
achieved [138]. Figure 2.2 shows two clusters and the distance of
each data point to the centroid. K-Means has been used in sleep
research to cluster PSG recordings, where the clusters represented
different sleep disorders [139].

Multiple publications use K-Means for the phenotyping of sleep
disorders or creating sleep types based on data from wearables,
sleep parameters from PSG recordings, or metadata about the



2.1. CLUSTERING 21
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Figure 2.2: Example of Partition-based Clustering

participant [140]–[143]. Park et al. [144] for example, used smart-
watch sleep tracking to identify different insomnia types. Other
research has used K Means to cluster sleep recordings by their
signal quality [145], classify movements [146] and detect snoring
[147]. A similar method called, Fuzzy C-Means, assigns each data
point a probability of belonging to each cluster rather than a
definitive assignment [148]. This method has also been widely
applied in sleep research, for example, for estimating sleep and
wake times based on actigraphy data [149] or extracting features
from nearables for classifying sleeping positions [150]. Another
application of fuzzy clustering in the scope of sleep-related pub-
lications is drowsiness detection. Boyraz, Acar, and Kerr [151]
have used fuzzy C-Means clustering to analyze the vigilance of
sleep-deprived participants in a driving simulator.

Hierarchical Clustering

Hierarchical clustering builds a hierarchical, tree-like structure
[152]. Typically, it is implemented as Agglomerative Clustering,
where the process begins by considering each element as an in-
dependent cluster. Subsequently, the two clusters exhibiting the
greatest similarity are identified and combined. This merging con-
tinues iteratively until a single cluster encompassing all elements
is formed. Figure 2.3 shows how clusters can be layered hierar-
chically. An alternative strategy is Divisive Clustering, where the
process begins by considering all elements as one cluster, which is
successively divided into smaller clusters. One of the advantages
of hierarchical clustering is that it does not require a pre-specified
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Figure 2.3: Example of Hierarchical Clustering

number of clusters; instead, it allows for the exploration of various
levels of grouping. Additionally, the Dendrogram, i.e., the result-
ing tree, offers valuable insights into both the individual elements
and the overall hierarchical relationships among them.

There are many publications which have used hierarchical clus-
tering for classifying sleep stages [153]–[156]. In these publications
the clustering creates a hierarchical perspective on sleep stages,
creating subcategories of sleep stages. Furthermore, hierarchical
clustering has been applied to the data from a ballistocardiogram
during sleep to model the shape of heartbeats during sleep [157].

Density-based Clustering

Density-based clustering assigns a category to every element based
on the density of neighboring elements [158]. In order to assign
the categories, we need to define the minimum similarity of two
elements to be considered in the neighborhood of each other and
the minimum number of elements that have to be in a neighbor-
hood to consider it as densely populated [158]. Then the points
will be categorized either as Core point, which has more than the
minimum number of elements in their neighborhood, as Border
point, which has less than the minimum number of elements in
their neighborhood but at least only one neighboring point, or as
Noise point, which has no nearby elements. Using these catego-
rizations, we can separate points into clusters. The core points
are the core of the cluster, the border points are the borders of
the cluster and the noise points do not belong to any cluster. A
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Figure 2.4: Example of Density-based Clustering

visualization of density-based clustering can be seen in Figure 2.4.
A well-known implementation of density-based clustering is called
Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN) [159]. In digital health literature, DBSCAN has been used
to identify behavioral risks in older people based on their sleep
patterns derived from a mattress sensor [160]. The goal of this
publication is, to use DBSCAN as an anomaly detection method
by marking the noise points as anomalies. A different application
uses density-based clustering to classify sleep stages [161]. Addi-
tionally, Yu et al. [162] classify sleep stages with a density-based
K-Means clustering algorithm, which follows the K-Means algo-
rithm but uses measures of density and distance to create clusters.

2.2 Dimensionality Reduction
Handling complex data types is a common challenge in sleep re-
search. For instance, PSG records multiple bio-signals simulta-
neously, typically generating over a hundred measurements per
second [2]. Dimensionality reduction aims to simplify such com-
plex datasets while retaining their most essential information [30].
These methods help to enhance data visualization, eliminate noise,
and reduce both storage and computational demands. By ap-
plying these methods, data visualization becomes more intuitive,
noise is filtered out, and storage and computational requirements
are minimized. The following sections will introduce Principal
Component Analysis (PCA) and Independent Component Analy-
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sis (ICA), two widely used methods for dimensionality reduction,
alongside Autoencoders, a type of artificial neural network de-
signed to extract compact and meaningful representations of data.
Other forms of dimensionality reduction used in sleep research are
Singular Value Decomposition, Self-Organizing Maps, and Deep
Belief Networks. They are most often used for classification, pre-
processing, feature extraction [163], pre-training of a supervised
model [164], [165] and data compression [166], [167]. Dhongade
and Rao [168] compare different dimensionality reduction meth-
ods as a preprocessing step for classifying sleep disorders.

Figure 2.5: Principal Component Analysis

Principal Component Analysis

PCA is a method that can transform data into a set of dimen-
sions known as principal components [169]. Figure 2.5 visualizes
the concept of PCA. These components are derived by combining
the original features in a way that maximizes the captured vari-
ance within the dataset. They are then ranked according to the
amount of variance they explain. By selecting only a subset of
these components, PCA effectively reduces the dimensionality of
the data while preserving its most significant patterns. PCA has
been used in sleep research, e.g., to extract features for classifying
respiratory events [170]–[172] and sleep stages [173]–[175].

Independent Component Analysis

ICA is designed to identify and separate independent sources
within a dataset [176]. Despite the similarity in their names, ICA
and PCA serve distinct purposes and rely on different methodolo-
gies. Figure 2.6 shows how the goals of ICA are different from
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PCA shown in Figure 2.5. While PCA focuses on combining
data into components that capture the most variance, ICA in-
stead seeks to disentangle underlying patterns in the data into
independent components. A fundamental assumption of ICA is
that these sources are statistically independent and exhibit non-
Gaussian distributions. ICA is frequently applied to preprocess
health data, helping to isolate meaningful physiological processes
from unwanted noise. In EEG for example, ICA was widely used
in sleep research to separate brain activity from cardiovascular or
movement artifacts [177]–[180]. Another common use of ICA in
sleep research is decomposing signals to extract breathing or heart
rate, for example from a pillow pressure sensor [181] or from video
[117], [118]. Lee et al. [182] used ICA to separate the respiration
of two people sleeping in one bed, measured with Doppler Radar.

Figure 2.6: Independent Component Analysis

Autoencoder

Autoencoders are a class of neural networks composed of two main
components: (i) an encoder and (ii) a decoder [29]. Their archi-
tecture is illustrated in Figure 2.7. On the left, the input data,
10-second sequences of a single-channel sleep EEG, enters the net-
work. Given that EEG signals are typically recorded with a sam-
pling frequency of 200 Hz or higher, each sequence consists of at
least 2,000 data points [4]. The encoder compresses this high-
dimensional input by passing it through multiple layers. The
neurons in these layers then learn a compact representation of
the data. Once the data reaches the middle of this mirrored ar-
chitecture, it is stored in a low-dimensional representation. This
part of the model is called the latent space. In the example shown
in Figure 2.7, each EEG sequence is reduced to just two values.
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Figure 2.7: Architecture of an Autoencoder

The latent space can be visualized as a coordinate system
where each axis represents one extracted feature. While these
features are abstract, they may correspond to properties of the
signal, such as amplitude and frequency. The decoder then takes
this compressed representation and reconstructs the original sig-
nal, gradually restoring its structure through successive layers.
This can be seen on the right side of the architecture in Figure
2.7. The final output, a reconstructed version of the original in-
put, is compared to the original data, and the difference between
them, known as the reconstruction error, serves as an optimization
metric for training the network. Through repeated iterations, the
neurons adjust their weights to improve reconstruction accuracy,
allowing the autoencoder to learn efficient feature representations
of the input data.

2.3 Association Rule Mining
Association rule mining is an unsupervised learning method that
uncovers hidden relationships among items within a dataset by
analyzing how often they appear together [183]. In this context,
collections of items that frequently appear together are termed
frequent item sets. These frequent item sets serve as the foun-
dation for constructing if-then rules. Typically, such a rule is
structured so that if a particular item (the antecedent) is present,
then another item (the consequent) is likely to be found as well.
To derive these rules, three key metrics are evaluated for any com-
bination of items:
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Support: This metric determines the frequency with which items
co-occur.

support(x1 ! x2) =
N(x1 [ x2)

N

where N(x1 [ x2) is the number of sets containing both items x1

and x2, and N is the total number of sets.

Confidence: This measures the conditional probability that the
consequent appears when the antecedent is present.

confidence(x1 ! x2) =
N(x1 [ x2)

N(x1)

where N(x1) is the number of transactions containing x1.

Lift: This assesses the strength of an association by comparing
the observed co-occurrence of items to the probability of their
co-occurrence if they were statistically independent.

lift(x1 ! x2) =
confidence(x1 ! x2)

support(x2)
=

N(x1 [ x2) ·N
N(x1) ·N(x2)

where N(x2) is the number of transactions containing x2.
A widely used method for uncovering these association rules

is the apriori algorithm [184]. The algorithm leverages the apri-
ori property, which assumes that every subset of a frequent item
set must also be frequent [185]. Initially, a minimum support
threshold is defined to determine the frequency an item set must
reach to be considered frequent. The process begins by comput-
ing the support for every two-item combination, retaining only
those that meet this threshold. Subsequently, items are iteratively
added to these candidate sets, with only those expanded sets that
continue to satisfy the minimum support being preserved. This
iterative search concludes when no additional frequent item sets
can be identified. Association rules are generated by calculat-
ing the confidence for all possible directional relationships within
each frequent item set. Then, those rules that do not meet the
preset confidence level are excluded. Finally, lift is used to distin-
guish meaningful associations from those arising by chance [183].
There are publications that derive association rules from sleep
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data [186]–[191]. All of them were used for explorative analysis of
clinical data sets. However, Álvarez, Félix, and Cariñena applied
this method to the scoring of respiratory events to identify breath-
ing patterns during sleep [192]. Most of these publications applied
association rules on data sets where each person represents one
transaction. In contrast, this thesis aims to explore treating every
night of a person as one transaction.

2.4 Generative Models
Generative models are designed to learn the underlying patterns in
data so they can produce new data that retains the characteristics
of the original set. These models can function under both super-
vised and unsupervised paradigms, with unsupervised methods
such as General Adversarial Networks (GANs) being particularly
prominent [193]. In a GAN, two components, the generator and
the discriminator, are trained concurrently. The generator’s role
is to create artificial data by learning from real examples, while
the discriminator evaluates both genuine and synthetic data to
discern which is which. This adversarial process pushes the gen-
erator to produce increasingly realistic data as the discriminator
becomes better at detecting subtle differences, leading to a con-
tinuous refinement of both components[194].

Generative models have been used in existing research to gen-
erate artificial physiological data, which is used to increase the
quantity and variety of sleep data used in supervised classifiers.
For example, Salazar, Vergara, and Safont use both a GAN and
a vector Markov Random Field model to generate artificial ECG
data [195]. Also, Latent variable models have been used this way
for sleep staging [196] and detecting sleep spindles [197]. Other
research has used generative models for data augmentation. Kuo
et al. use a GAN to augment sleep data as a preprocessing step
for supervised sleep stage classification [198]. Most existing pub-
lications aim to generate artificial sleep data as a method to im-
prove the classification performance, e.g., for spindle detection
[35], [199], snore detection [120] and sleep staging [200]. Other
research aimed to explore the sleep data through these generative
models [4] or create art [201]. This thesis aims to contribute to
research on generative models by using their embedding space as
a way to analyze and explain EEG signals.
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2.5 Unsupervised Anomaly Detection
Unsupervised anomaly detection aims to differentiate between
what is considered normal and what deviates from the norm. We
divide the data into a normal and anomalous class. In this con-
text, anomalies are data points that diverge significantly from ex-
pected patterns. Typically, most of the data falls into the normal
category, with only a small fraction being anomalous [202]. The
ratio of normal and anomalous points can vary strongly. Anoma-
lies are often characterized by extreme values. However, points
within a normal range can also be anomalous. A data point may
reside within normal ranges but become unusual when viewed in
its context. When looking at sequential data, either individual
points can be anomalous, as shown in the example of a respira-
tion signal in Figure 2.8a, or the sequence of multiple points as
shown in 2.8b.

a. Point Anomaly

b. Collective Anomaly

Figure 2.8: Types of Anomalies

The reason why unsupervised machine learning is commonly
used for anomaly detection is the high imbalance between nor-
mal and anomalous data points. A supervised learning method
would learn what normal data and anomalous data look like. How-
ever, there are often not enough examples of anomalous data to
learn from, and often, the anomalous data points do not nec-
essarily share the same characteristics [203]. As a result, sev-
eral unsupervised methods are employed—many of which rely on
clustering and dimensionality reduction methods introduced ear-
lier [204]. For example, the DBSCAN algorithm can flag points
in low-density regions as anomalous, while autoencoders identify
anomalies by highlighting data points that incur a high recon-
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struction error. Reconstruction-based anomaly detection uses the
reconstruction error of autoencoders as an anomaly score. Exist-
ing work in sleep research used unsupervised anomaly detection
to identify risks based on sleep patterns, such as risk during preg-
nancy [160] or behavioral risk for the elderly [205], [206]. Other
publications used anomaly detection methods for drowsiness de-
tection [207], [208] or detecting anomalous nights [209]. This
thesis aims to contribute to research on anomaly detection, by
applying reconstruction-based anomaly detection on respiratory
data and exploring different ways of training the model, as well
as setting the anomaly threshold.

2.6 Other Methods
There are countless other methods relying on unsupervised ma-
chine learning. The following section will briefly describe other
methods and review related work in sleep and digital health using
the methods. A Hidden Markov Model (HMM) is a probabilis-
tic framework that maps an unobservable sequence based on a
related, observable sequence [210]. It is based on the assump-
tion that the hidden sequence follows a Markov process, where
the likelihood of transitioning to the next state depends solely on
the present state. HMM s use transition probabilities to deter-
mine the likelihood of moving between states, allowing them to
effectively model the temporal structure of sequential data [211].
HMM s have been used in sleep research to model the process of
drifting into sleep [212], model sleep transitions [213], and cycling
alternating pattern analysis [214].

Unsupervised Domain Adaptation is a method that enables
a model trained on a labeled source domain to generalize to an
unlabeled target domain. This method has been used in sleep
research to apply sleep staging models which have been trained
on different public data sets to classify sleep stages on different
data sets[215]–[222]. Fan et al. [223] showed that this method
improves the classification accuracy when transferring knowledge
from big data sets to smaller data sets.
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2.7 Research Gaps
Reviewing related work showed how diverse the methods behind
unsupervised learning are and how different the applications within
this method family can be. Still, most publications on unsuper-
vised learning are either about clustering or dimensionality reduc-
tion. Other methods, such as generative models, anomaly detec-
tion, or association rules, also show interesting results but have
been less often applied in existing work so far. For this reason,
there is a need to also consider these less common methods. Even
though not all unsupervised learning methods can be covered in
the scope of this thesis, the ones implemented as case studies aim
to explore different unsupervised methods.

The related work on literature reviews shows that there is no
comprehensive review on unsupervised machine learning in sleep.
Existing reviews on machine learning in sleep research are focused
on one sub-area of sleep research and cover few or no publications
on unsupervised learning [224]–[227]. This thesis aims to fill this
gap by conducting a scoping review.

Many publications on unsupervised learning in sleep focus on
the technical side of the application and do not consider the gen-
eralizability of the data set they are using or the clinical meaning
of their results [1]. The scoping review on unsupervised learning
in sleep research aims to reveal these limitations, and the case
studies aim to provide guidance on utilizing sleep data, apply-
ing unsupervised methods, and evaluating results in a meaningful
way.
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Chapter 3

Research Approach

The work toward answering the research questions is comprised
of five publications, included in this thesis. These publications
answer the provided research question by combining literature
research as well as empirical research in the form of case studies.
Figure 3.1 shows the literature review as the first phase of the
thesis, followed by the four case studies, visualized as the moon
as a symbol of sleep.

1) Scoping Review:
Unsupervised Machine 

Learning in Sleep Research

2) Case Study:
Anomaly Detection on 

Respiratory Signals

3) Case Study:
Clustering Objective and 
Subjective Sleep Quality

4) Case Study:
Generating Artificial 

Sleep EEG

5) Case Study:
Association Rules of 

Sleep-related Behaviour 

Figure 3.1: The Thesis Divided in Five Phases

The systematic review, here represented as a new moon, re-
viewed all existing publications on unsupervised machine learning
in sleep. This structure of the thesis first provides an understand-
ing of the diverse range of data and methods in this research area

33
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and reveals gaps in existing research. The thesis then dives deeper
into specific areas by presenting four case studies [228]. These
case studies aim to provide an in-depth understanding of the po-
tentials and limitations of different data types and methods and
derive broader conclusions on future directions for unsupervised
machine learning in the context of digital health. As proposed
by Yin [228], a multiple-cases design can represent a range of
variation to provide a more comprehensive perspective on a re-
search question. Therefore, the selected case studies furthermore
aimed to represent a broad range of unsupervised methods and
data types in order to answer the research questions from diverse
perspectives. The topics of all case studies were selected based
on ideas for methods and application areas that have not been
addressed in the literature before.

The first case study, represented as a growing moon, is focused
on unsupervised anomaly detection. The sleep-related applica-
tion for this case study is sleep-disordered breathing in children.
The case study explores different supervised and unsupervised ap-
proaches towards time series classification. The paper discusses
the need for deep learning and provides guidance on evaluation
strategies with health data. The second case study represented as
a half moon, analyses objective and subjective sleep quality and
personalizes the analysis by clustering the study population based
on their perception of their sleep. The paper discusses sleep as a
multidimensional construct, as well as the need for analysis on an
individual basis instead of one-fits-all approaches. The third case
study, here represented as a descending moon, implements a gen-
erative model and discusses the use of artificial sleep data and the
need for explainable machine learning in clinical decision-making.
The last case study, which concludes the thesis and is represented
as the full moon, explores sleep improvement in a digital inter-
vention and applies association rules to analyze the participants’
engagement with a Digital Therapeutics (DTx) mobile applica-
tion. In the following, my role as a researcher in each publication
will be stated, the different data sets used in each publication will
be described and the methodology of the literature review as well
as each case study will be explained.
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3.1 Researcher’s Role
The table below shows how much effort was involved in the various
stages of the publication process of the five included publications
in this thesis. Starting with the idea, the related literature, data
gathering, research design, artifact design, analysis, draft writing,
and administration. In the following, each part of the process
is shown as defined by the Department of Computer Science at
Reykjavik University.

• Idea: Crystallizing and formulating a clear and novel re-
search idea alongside research question(s) or hypothesis.

• Related work and literature: Reading up on the rele-
vant literature and related work, finding the relevant refer-
ences as well as putting them together in a coherent manner,
alongside building up the research gap.

• Data gathering: The gathering of data for the paper.

• Research design: Decide on how the data gathering should
be conducted (randomized clinical trial, qualitative data
gathering, mixed methods, devices used for data gathering
or quantitative data gathering, for instance).

• Artifact design: In case there is a theoretical model, a
method, a digital artifact of some sort (or any software), re-
quirements to be tested, or an algorithm (or machine learn-
ing model) that was developed in this category would cover
it.

• Analysis and synthesis: The analysis of the data along-
side the discussion and main contributions are drawn from
the analysis.

• Draft: The first finished draft of the paper.

• Administration: Includes all work with the administration
of the publication, such as the submissions of the multiple
revisions alongside communication with editors, a major ef-
fort in writing the revision comments for the journal papers,
and all communication and inclusion of all authors in the
various revision rounds.



36 CHAPTER 3. RESEARCH APPROACH

A
dm

in-
istration

D
raft

A
nalysis 

&
 synthesis

A
rtifact 

design
R

esearch 
design

D
ata 

gathering
R

elated w
ork 

&
 literature

Idea
Paper

M
E

M
E

M
E

M
E

M
E

CE
M

E
M

E
Paper [1]

M
E

EE
EE

EE
EE

CE
EE

EE
Paper [2]

M
E

M
E

M
E

M
E

M
E

CE
M

E
M

E
Paper [3]

M
E

M
E

M
E

M
E

M
E

M
E

M
E

M
E

Paper [4]

M
E

M
E

M
E

M
E

M
E

CE
M

E
M

E
Paper [5]

Table
3.1:

D
eclaration

of
A

uthorship
C

ontribution
(M

E
=

M
ain

E
ffort,E

E
=

E
qualE

ffort,C
E

=
C

ontributing
E

ffort,LE
=

Learning
E

ffort)



3.2. LITERATURE RESEARCH 37

Table 3.1 shows the contribution that I made in the various
stages of the publication process for each of the publications. The
varying degree of contribution is divided into four categories, in-
cluding Main effort (ME), Equal Effort (EE), Contributing Effort
(CE), and Learning Effort (LE). Each form of author involve-
ment is described in the following, as defined by the Department
of Computer Science at Reykjavik University.

• ME: Main effort, includes the main effort in the indicated
column.

• EE: Equal efforts, include that there was a shared equal
effort between at least one other author of the paper (this
can, for instance, be the case when the work behind the
paper was divided or when co-authorship has been equally
divided between at least two authors).

• CE: Contributing effort, entails important effort, but there
is someone else in the author list that delivered the main
effort.

• LE: Learning effort, includes an effort of a learning charac-
ter, for instance, by assisting with the data collection or the
analysis. At least a LE is needed in all columns to fulfill the
Vancouver rules for authorship.

3.2 Literature Research
The literature research is based on a scoping review, a form of sys-
tematic review designed to map and analyze a specific research
domain [229]. To assess the research landscape in an emerging
field like unsupervised machine learning, we performed a qualita-
tive evaluation by outlining its key characteristics and publication
trends. The review aimed to capture the entire width of machine
learning methods in the entire field of sleep research. This re-
view was conducted in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses guidelines and
its extensions for protocols and scoping reviews [230]. The fol-
lowing sections will describe the methodology of conducting the
review including the search strategy, inclusion and exclusion crite-
ria, study selection, and data extraction process. The full review
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protocol is publicly accessible on the Open Science Framework
[231].

Unsupervised Machine Learning Sleep

OR OR

AND

unsupervised machine learning, 
unsupervised learning, unsupervised deep 

learning, autoencoder, association rule, 
generative model, generative AI, 

dimensionality reduction, representation 
learning, feature learning, unlabelled data, 
unsupervised training, K means, centroid-
based clustering, density-based clustering, 

hierarchical clustering, agglomerative 
clustering, DBSCAN, singular value 

decomposition, gaussian mixture model*, 
principle component analysis, 

independent component analysis, apriori
algorithm, anomaly detection, hidden 

markov model

sleep*, hypno*, hypna*, somno*, somni*, 
dream*, oneir*, dissomnia*, predormital, 

postdormital, polysomno*, insomnia*, 
upper airway resistance, snore*, 

respiratory disturbance index, respiratory 
effort related arousal*, Pickwick*, 

narcolep*, Gelineau, idiopathic, kleine-
levin, recurrent hypersomn*, periodic 

hypersomn*, insufficient sleep syndrome, 
shift work*, shiftwork*, night work*, 

rotating shift*, jet lag*, jetlag*, time zone 
change syndrome, parasomnia*, disorders 

of arousal*, chronobiology disorders, 
shift work schedule, nocturnal enuresis 

Figure 3.2: Search Terms for Unsupervised Machine Learning and
Sleep

3.2.1 Search Strategy
In order to find all existing literature on unsupervised learning
in sleep research, a search strategy was composed by combining
both components: unsupervised machine learning (methods) and
sleep (application domain). No restrictions on the type of sleep
study, outcomes, or population were set to increase the sensitivity
of the search. The sleep component of the search string was based
on the search filter proposed by Pires et al. [232]. An overview of
the included search strings and the general search query logic is
shown in Figure 3.2. The search query was run in four databases:
PubMed, Web of Science, Scopus, and ACM Digital Library. The
search strategy was developed for PubMed and then adapted to
the other databases’ syntax.

3.2.2 Study Selection
The 7043 publications from four different literature databases
were de-duplicated. Then, the title and abstract of the remain-
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Figure 3.3: Flow Chart According to the PRISMA Guidelines

ing 3960 publications were screened by two independent review-
ers. In a second screening round, performed by one reviewer, the
publications were further selected on whether they contributed to
machine learning. All publications with a contribution only to
sleep research were excluded. The full-texts of 426 publications
were then reviewed and the data of 356 eligible publications was
extracted. A flow chart visualizing this process can be seen in
Figure 3.3.

The eligibility analysis for the review was based on several
inclusion criteria. Only papers published in English were consid-
ered, while publications in other languages were excluded. Ad-
ditionally, the review focused solely on original research articles,
excluding reviews, conceptual or philosophical studies, editorials,
letters to the editor, as well as non-peer-reviewed works such as
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posters and book chapters. Only studies investigating human pop-
ulations were eligible, all publications on animal models were ex-
cluded. The research had to be primarily related to sleep, defined
as having a study population, intervention, explanatory variable,
or main outcome associated with sleep. Finally, eligible papers
were required to present an application of an unsupervised ma-
chine learning method on sleep-related data. This was determined
by the abstract mentioning terms such as unsupervised, unlabeled
data, or unsupervised training or by identifying specific methods,
including clustering, dimensionality reduction, generative mod-
els, hidden Markov models, anomaly detection, or association rule
learning.

3.2.3 Data Extraction and Analysis
The data extraction was done through a structured, manual pro-
cess, where each publication was read and the relevant information
summarized. Some of the information was extracted as it, while
other fields such as Data Type or Sleep Research Area were cat-
egorized. By using both predefined categorical labels with free-
text fields, this method enabled both quantitative and qualita-
tive analyses of the reviewed literature. For every paper, meta-
data—including the first author, publication year, source title,
and full reference string—was recorded. Additionally, the coun-
try corresponding to the first affiliation of the first author was
noted. The review focused on identifying the specific unsupervised
machine learning method used, as well as detailing its intended
purpose or role in the study. The type of sleep data employed in
each paper was documented, along with the practical application
of the machine learning method within sleep research. Informa-
tion regarding the datasets, including population characteristics
and sample sizes, was collected as well. An evaluation of the ma-
chine learning model’s performance was performed by noting the
evaluation metrics used at the best-reported performance value.
Missing or inapplicable information was consistently recorded as
“non-available/not applicable.”

3.3 Empirical Research
Case studies are an empirical research method that involves an
in-depth, contextual analysis of specific applications within real-
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world settings [228]. In the context of this thesis, case studies are
employed to implement and evaluate four distinct unsupervised
machine learning methods, including anomaly detection, dimen-
sionality reduction, association rule mining, and clustering, on a
variety of different sleep data types. This methodology explores
how each method performs in practical application, revealing both
its strengths and limitations when applied to complex, heteroge-
neous datasets common in sleep research. By focusing on specific,
real-world examples, case studies provide qualitative and quanti-
tative insights that can ultimately help bridge the gap between
theoretical advancements and practical implementation.

3.3.1 Overview of Case Studies and Data Sets
In this thesis, I use different forms of sleep data. This includes
classical one-night PSG, as well as longitudinal tracking with
wearables, digital sleep diaries, and a DTx application. The data
stems from four studies with different measurement set-ups and
population groups. A timely overview of when these studies were
conducted can be seen in Figure 3.4. The characteristics of each
data set will be shown in the following. Table 3.2 provides an
overview of the different data sets used in this thesis and gives
key information on the data collection, population, and measure-
ment channels of each data set.

2019 2020 2021 2022 2023 2024

Pediatric Study 10x50 Study Wearable Study DTx Study

Figure 3.4: Data Collection of Data Sets Used in this Thesis

The first case study relies on data from a pediatric sleep study
with children between the ages of 11 and 14 who are suspected
to have sleep-disordered breathing. This study is referred to as
Pediatric Study. The study was conducted at Landspitali Univer-
sity Hospital, Reykjavik, in 2019. This data set is unique because
it has a pediatric focus. Most sleep studies are conducted with
adults, even though sleep health is highly relevant for children
too. The dataset consists of 111 pediatric sleep recordings, each
approximately 8 hours long, collected using PSG. The study fo-
cuses on respiratory signals, including oral and nasal airflow, tho-
rax and abdomen movement, oxygen saturation, audio volume,
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and body position. Another unique feature of this study is the
oronasal cannula which is not included in a standard PSG setup.

Source Variables
Smartwatch Sleep hour, wake-up hour, variability, efficiency,

regularity, light sleep, deep sleep, duration to
wake up, heart rate (avg, min, max), steps, dis-
tance, elevation

Sleep Diary Exercise duration, work day, stress level, nap
count, nap duration, drug use, alcohol count,
caffeine count

Both Sleep duration, awake time, awakenings, sleep
onset latency

Table 3.3: Variables from the Smartwatch and Sleep Diary

The second case study uses data from longitudinal research
with a smartwatch and a digital sleep diary. The participants
were asked to use both for 90 days. The study is referred to as
Wearable Study and was conducted at Reykjavik University from
December 2021 until May 2022. The digital sleep diary included
a questionnaire about the participants’ behavior and well-being
during the day filled out in the evening and a questionnaire about
the participant’s sleep in the morning. This data set is different
from the previous case studies as it uses wearable devices instead
of clinical measurement devices. It is also different by including
tabular data in the form of sleep reporting from the digital sleep
diary, which was delivered in a mobile application.

The third case study utilized EEG data from a sleep study
with 50 participants. This study is referred to as 50x10 Study
and was conducted in 2021. The participants were selected to
have a diverse age range and include participants with different
sleep disorders. They collected one night of PSG, which was then
been scored by ten different sleep technologists. This unique fea-
ture of the data set makes the scoring more reliable by using the
consensus of all ten sleep technologists. It is scored for sleep stages
and respiratory events. Additionally, it is scored for arousal and
micro features within the EEG.

The fourth case study uses data from a study on sleep improve-
ment through lifestyle changes. In particular, sleep was measured
before, after, and during a 3 month intervention period. The in-
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tervention either took place as an exercise program or a digital
intervention. The case study analyzes the sleep and user engage-
ment of the sub-group that did the digital intervention. This
study is referred to as Lifestyle Study and was conducted from
September 2022 until May 2023.

Mission Description
Education Video, audio, and written content are shown to

the user. The educational material is tailored to
the specific intervention program and this study
includes content about good habits to improve
sleep, as well as general lifestyle and health ed-
ucation.

Clinic Involves logging weight, blood pressure, and other
physical measurements, as well as reminders for
taking supplements.

Mind The user is asked to log their stress and energy
level, as well as their quality of sleep. This cate-
gory furthermore involves different breathing and
meditation exercises.

Move The user tracks their activity, which can be any-
thing from walking steps to exercise or sports.

Food Food intake is tracked and divided into veggies,
nuts fruit, snacks, and candy. Beverages are
tracked and divided into water and soda. This
category also includes unhealthy lifestyle choices
such as alcohol and nicotine.

Table 3.4: Different Types of Missions in the DTx Application

The data was collected from three main sources. First, the
DTx application recorded user interactions, tracking various be-
havioral interventions such as monitoring food intake, physical
activity, and sleep habits. Second, a digital sleep diary captured
self-reported sleep quality and other behavioral factors that might
influence sleep. Lastly, smartwatch data provided objective sleep
measurements, including total sleep duration, efficiency, and the
number of awakenings during the night. The unique feature of this
data set is the parallel tracking of sleep data and user engagement
with the DTx application.
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3.3.2 Case Study: Anomaly Detection
This case study centers around the detection of mouth breathing
in the sleep of children. Chronic mouth breathing can have neg-
ative effects on the physical and mental health of children but is
typically not included in a PSG measurement. This case study
aimed to detect mouth breathing based on respiratory signals.
The challenge of this data set is, on the one hand, the high imbal-
ance between mouth and nose breathing and, on the other hand,
the complexity of the data. Since PSG recordings contain high-
frequency data, the signals were downsampled to 10 Hz to reduce
computational complexity while retaining essential breathing pat-
terns. Additionally, standardization was applied to normalize the
range of different signals
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Reconstructed SignalsLatent Space
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Figure 3.5: Visualization of the Convolutional Autoencoder with
Respiratory Signals

This case study compared supervised time series classifiers,
such as Time Series Forest, K-Nearest Neighbors with Dynamic
Time Warping, and the Multiple Representation Sequence Learner.
These models were compared to supervised deep learning models,
including a Convolutional Neural Network and a Recurrent Neu-
ral Network. Additionally, a simple baseline was tested, extract-
ing features from the time series as for classical machine learning
models. A special focus was on reconstruction-based anomaly de-
tection, which aimed to identify mouth breathing without using
any labels during the training by taking advantage of this im-
balance. For this, a convolutional autoencoder was trained on
imbalanced data. It mainly learned the properties of the majority
class. It encoded the recorded PSG signals through multiple non-
linear transformations into a low dimensional latent space and
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decodes them back in the same way. The reconstructed output,
in particular of unknown or anomalous sequences, deviated from
the original input. For this reason, the resulting reconstruction
error was used as an anomaly score.

To assess the performance of these approaches, the study eval-
uated models based on precision, recall, and F1-score, with a focus
on accurately identifying mouth-breathing instances. To ensure
robust generalization, the study employed a leave-one-out cross-
validation strategy, training the model on all participants except
one and testing it on the excluded individual. This evaluation
method prevented data leakage and allowed an assessment of per-
formance across varied individual characteristics.

3.3.3 Case Study: Clustering
In this case study, the sleep quality was captured for 90 consec-
utive days, both with (i) a smartwatch and (ii) a sleep diary in
a mobile application. The data set included 45 participants, who
wore the smartwatch on average for 75 days and filled out the
sleep diary on average for 40 days. This resulted in 2259 nights
in total.
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Figure 3.6: Methodology of the Case Study

K-Means clustering divided the data into four clusters. Each
cluster calculated Spearman’s rank correlation coefficient between
possible impacting factors and subjective sleep quality. The rho
values represented the positive or negative correlation with the
subjective sleep quality, and the p-values the significance of each
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correlation. This part of the analysis showed varying relationships
between objective and subjective sleep quality within the clusters.
Additionally, an analysis of variance (ANOVA) showed which fea-
tures of the participants within the clusters are significant. This
analysis showed varying characteristics of the participants within
the clusters. An overview of the method can be seen in Figure 3.6

3.3.4 Case Study: Generative Model
EEG is the main indicator for identifying sleep stages during the
night. Both manual scorers and supervised machine learning mod-
els mainly rely on EEG, which is why it is one of the most im-
portant signals used in sleep research. However, it has not been
approached with a variational autoencoder in previous research.

… … …

µ

!

Input Encoder Sampling Latent Space Decoder Output

Figure 3.7: Architecture of a Variational Autoencoder

Variational Autoencoders (VAEs) are unsupervised deep neu-
ral networks, which are characterized by a continuous latent space.
This continuity allows them to act as a generative model. In
the context of sleep research, they can be applied to sleep EEG.
The F4-M1 channel of 50 sleep recordings (381.13 hours) of both
healthy and sleep-disordered participants was used to train a VAE.
To lower the data complexity, the signal was downsampled to 64
Hz. High-pass filters with a cut-off frequency of 0.3 Hz and a Min-
MaxScaling to normalize the data in a range between 0 and 1 were
applied. Finally, the data was divided into 10-second segments.
With a sampling frequency of 64 Hz this resulted in 143,175 seg-
ments of length 640.
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The applications of this method were twofold: i.) generate ar-
tificial EEG e.g., for creating anonymized sleep data sets, and ii.)
get a deeper understanding of sleep stages through their represen-
tation in the latent space. The architecture of a variational au-
toencoder consists of an encoder, the latent space, and a decoder,
as can be seen in Figure 3.7. The uniqueness of the variational au-
toencoder lies within a sampling layer that enforces the continuity
of the latent space. VAEs additionally introduce a regularization
term in the loss function of the model. The convolutional layer
of the autoencoder had 256 filters with kernels of size 5 for the
convolutions. It then reduced the length of the sequence with
max-pooling. In the following layer, the sequence was flattened
into one dimension. In the decoder, a dense layer mirrors the
transformation of the sampling layer, and a reshape layer mirrors
the transformation of the flattening layer. Then, an up-sampling
layer was used to mirror the max-pooling. Finally, a deconvolu-
tional layer with one filter and kernel size 5 brought the data back
into their original shape.

Both in the encoder and in the decoder, the activation func-
tions were Rectified Linear Units (ReLU). For the optimization
of this model, the weight of the KL divergence was gradually in-
creased from � = 0.01 to � = 1 in 100 epochs. For the evaluation,
the principles of the Turing Test were applied by confronting a
sleep technologist with both real and artificially created EEG se-
quences. This showed whether the sequences generated by the
VAE were realistic. In order to verify that the model could not
only generate realistic EEG sequences but also create a mean-
ingful latent space, the characteristics of the generated sequences
were manually reviewed with the sleep technologist.

3.3.5 Case Study: Association Rules
This case study explored the relationship between user engage-
ment in a DTx lifestyle intervention program and sleep improve-
ment. To analyze this connection, the study applied association
rule mining, specifically the Apriori algorithm, to identify patterns
in user behavior, engagement, and sleep quality.

As a first step, the health data from different sources was
merged, including the smartwatch, the digital diary, and the DTx
application. Then, explorative data analysis was used to get an
initial understanding of the user behavior over time and the ad-
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herence to the intervention program. The population was further
split into two groups based on whether their OSA severity im-
proved over the 12-week intervention period. Since association
rules work with categorical data, all numerical columns had to
be binned. The binning was manually decided depending on the
distribution of each feature. Table 3.5 shows how the sleep pa-
rameters were binned.

Feature Bins" Bins#
Sleep duration >8 h <6 h
Arousal >5 Awakenings 0 Awakenings
SOL >1 h <10 min
Awake >1 h -
Screen Time >8 h <2 h
Sleep Quality �4 1
Stay Awake in Bed >60 min <15 min
Activity >10k steps <1k steps
Stress �4 1

Table 3.5: Binning of Numerical Features

The data set was transformed into a transaction-based format,
where each transaction referred to one night of sleep by one indi-
vidual. The items in the transaction were the categorical features
derived from the smartwatch and the DTx application. In the fol-
lowing an exemplary transaction of Participant n on day m with
low sleep duration, a completed education mission (MEducation)
and many awakenings is shown:

XnYm={Sleep Duration#, MEducation, Awakenings"}

Adding the days of all participants, the data set resulted in
3200 transactions. Using the Apriori algorithm, frequent item
sets were identified. The frequent item sets represent patterns of
behaviors that co-occurred regularly among participants. The as-
sociation rules derived from these patterns indicated how specific
interventions, such as mindfulness exercises or dietary tracking,
correlated with behavior and sleep parameters. To quantify these
relationships, the analysis relied on three key metrics:

• Support: how often a specific behavior or intervention was
performed alongside sleep improvement
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• Confidence: the likelihood of sleep improvement following
a particular behavior

• Lift: the strength of the relationship compared to what
would be expected by random chance.

Finally, the association rules by participants with a visible
improvement in their sleep quality were compared with association
rules by participants with no visible improvement.



Chapter 4

Results

This section presents the results from the literature review and
the four case studies, analyzing existing and new approaches to
integrating unsupervised machine learning in sleep research and
digital health.
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Information Systems
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Figure 4.1: Mapping of the Five Publications by their Contribu-
tion

By mapping the five publications by their contribution to in-
formation systems and data science and the practical or theoreti-
cal nature of their contribution, Figure 4.1 shows that this thesis
considered the research questions from different perspectives.
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4.1 Publication I: Mapping Sleep Liter-
ature

Full reference (under review after major revisions):
L. Biedebach, D. Ferreira-Santos, M.-A. Stefanos, A. Lindhagen,
G. N. Pires, E. S. Arnardottir, and A. S. Islind, “Unsupervised
machine learning in sleep research: A scoping review”, Under re-
view after major revisions at SLEEP, Oxford University Press,
2025

The scoping review identified 356 papers that use various un-
supervised learning methods in sleep research. Analyzing the
temporal progression of publications shows that a steep rise in
publications on unsupervised learning in sleep research can be
observed in the last 10 years, with an even steeper increase in the
past 3 years. This indicates that unsupervised machine learning
is an emerging method in sleep research. However, the tempo-
ral progression also reveals that the foundations for unsupervised
learning in sleep research go back to the 1980s.
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Figure 4.2: Temporal Progression of Publications and Unsuper-
vised Learning Methods

Figure 4.2 shows the number of publications by year and by
the unsupervised machine learning method they used. It shows
how most publications use clustering and dimensionality reduc-
tion, other methods are gaining interest in recent years as well.
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Clustering methods were found to be the most commonly used un-
supervised machine learning approach, primarily applied to clas-
sify sleep stages, detect sleep disorders, and identify sleep pheno-
types. Dimensionality reduction methods, such as principal com-
ponent analysis and autoencoders, have been used for simplifying
complex sleep data while retaining essential patterns. Beyond
classification, generative models and anomaly detection methods
have demonstrated potential in identifying rare sleep events, such
as respiratory anomalies, and generating synthetic sleep EEG data
to enhance model training.

Figure 4.3: Sankey Diagram Showing the Flow between Data
Types and Unsupervised Learning Methods (PSG = Polysomnog-
raphy,

The scoping review showed that the papers across all sleep
applications varied strongly in the way data was collected. The
scoping review revealed significant variability in data collection
across studies, which were categorized into (i) wearables and near-
ables, (ii) physiological data, and (iii) metadata and other data.
We distinguished between long-term consumer-grade monitoring
devices (e.g., wearables, nearables, audio, and video) suitable for
home settings and medical-grade devices (e.g., PSG). An addi-
tional category included metadata and other unconventional data
types. Many studies incorporated multiple data sources, and in
such cases, the primary data type was used for the categoriza-
tion. Figure 4.3 shows the distribution of used data types, as
well as the flow between data types and unsupervised methods.
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While traditional PSG remains the most common form of sleep
assessment, wearable and nearable technologies, combined with
machine learning, have expanded the possibilities for long-term,
real-world sleep monitoring and are a frequently used data type.
Audio was commonly used to identify respiratory events during
the night or diagnose OSA based on the speaking voice of a per-
son. Another common data type is video, which was commonly
used to detect sleeping positions or classify movements during the
night.

The review showed successful applications of unsupervised learn-
ing in sleep research but also discovered limitations of existing
work. One major limitation of these publications is their general-
izability and validity in clinical practice. The review showed that
most publications train and validate their models on small popu-
lations. Most of them rely on small, homogeneous datasets, often
derived from a single population or controlled environments. This
way, the methods may show promise in research settings, but only
a few studies have successfully translated findings into clinical de-
cision support tools or consumer applications.



4.2. DETECTING ANOMALIES IN RESPIRATORY SIGNALS55

4.2 Publication II: Detecting Anomalies
in Respiratory Signals

Full reference (published):
L. Biedebach, M. Óskarsdóttir, E. S. Arnardóttir, S. Sigurdardót-
tir, M. V. Clausen, S. Þ. Sigurdardóttir, M. Serwatko, and A. S.
Islind, “Anomaly detection in sleep: Detecting mouth breathing
in children”, Data Mining and Knowledge Discovery, vol. 38, no. 3,
pp. 976–1005, 2024

In this case study, we compared different supervised and un-
supervised anomaly detection approaches. Breathing through the
mouth during sleep has both anomalous properties and clinical
relevance, which makes it a suitable application for anomaly de-
tection. Identifying mouth breathing during sleep is currently not
included in sleep studies, even though chronic mouth breathing
can have negative health implications for children. There are no
non-invasive devices to reliably capture mouth breathing.
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Figure 4.4: Histogram of the Reconstruction Error of the Mouth
Breathing and Nose Breathing Sequences

Manual labeling of sleep recordings takes a sleep technologist
2-3 hours per night. The high imbalance towards nose breathing,
which is the normal airway during the night, makes this classifica-
tion problem challenging for supervised machine learning models.
For this reason, the first proposed application of unsupervised ma-
chine learning is the identification of mouth breathing during the
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night based on the recording of non-invasive respiratory measure-
ment devices. The goal of this method is to facilitate the diagnosis
of chronic mouth breathing and ultimately increase the access to
treatment of affected children. Figure 4.4 shows that the recon-
struction error of mouth breathing is, on average, twice as high
as for the normal airway. Classifying all sequences with a higher
reconstruction error than a set threshold as mouth breathing re-
sults in a classification accuracy that is comparable to supervised
models. This shows, that reconstruction-based anomaly detec-
tion is able to identify mouth breathing during sleep without ever
learning the properties of this particular class.

The results indicated that reconstruction-based anomaly de-
tection was effective, with an F1 score of 0.508, but it did not out-
perform supervised learning methods. In particular, feature-based
classification with GBM emerged as the most successful method
with an F1 score of 0.546, exceeding deep learning models in clas-
sification accuracy. This finding challenges the assumption that
deep learning always provides superior performance in anomaly
detection tasks. Ultimately, the paper provided valuable insights
into the comparative strengths of supervised, unsupervised, and
reconstruction-based approaches.
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Figure 4.5: Performance on Participants with High and Low
Prevalence of Mouth Breathing

The evaluation also showed variability in F1 scores across par-
ticipants, with some models struggling more with individuals who
exhibited fewer instances of mouth breathing. Figure 4.5 shows
how the distribution of the classification accuracy varies across
individuals. Overall, the results highlight that feature-based clas-
sifiers like Gradient Boosting Machine remain superior to deep
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learning approaches in this context, challenging the assumption
that deep learning always provides the best performance in sleep
anomaly detection.
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4.3 Publication III: Clustering Objective
and Subjective Sleep Quality

Full reference (published):
L. Biedebach, M. Óskarsdóttir, E. S. Arnardottir, and A. S. Islind,
“Two Sides of the Same Pillow: Unfolding the Relationship be-
tween Objective and Subjective Sleep Quality with Unsupervised
Learning”, Proceedings of the Annual International Conference on
System Sciences, 2023

Digital healthcare advancements allow us to take an active
part in monitoring and improving our sleep quality. Wearables
and digital symptom trackers capture both the objectively mea-
sured and subjectively reported sleep quality. The relationship
between those two varies between individuals and hence should
not be generalized to the whole population.
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Figure 4.6: Correlations between the Objective Attributes and
the Subjective Sleep Quality within each Cluster (non-significant
Correlations are Displayed as 0)

Clustering is an area of unsupervised machine learning, which
aims to divide data into meaningful groups. The objective of this
group of algorithms is usually to increase the similarity between
elements within each group. This way, clustering can be used
to achieve more individual analysis of heterogeneous data. We
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applied K-Means, a partitional clustering algorithm, to identify
similar groups of participants within a sleep study. The rela-
tionship between objective and subjective sleep quality is highly
individual and therefore challenges traditional analysis methods.
Clustering participants first on their sleep perception provides a
more meaningful analysis of how their objective and subjective
sleep quality is correlated. Based on the findings within the clus-
ters, sleep types can be defined which show varying characteristics
and correlations to sleep quality.

The proposed method of clustering participants by their per-
ception provided the basis for a more individual analysis of sleep
quality. The research showed that analyzing the full population
at once did not show any significant correlations between sub-
jective sleep quality and various impact factors. Dividing the
population into groups of similar sleep perception allowed us to
observe correlations between subjective sleep quality and factors
such as exercise, stress level and heart rate. Figure 4.6 shows how
four different clusters of participants show different correlations
to sleep quality. Clustering the population by their similar sleep
perception reveals unique correlations within the clusters. Figure
4.6 shows that only one cluster shows correlations between heart
rate-related attributes.
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Figure 4.7: Sleep Types Derived from the Clusters

It also shows that one cluster shows almost no correlation be-
tween recorded sleep parameters and subjective sleep quality. Ad-
ditionally, we analyzed the characteristics of the different clusters.
This included information about their age, weight, and BMI, as
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well as their habits during the day, such as exercise and stress,
and their habits regarding sleep, such as regularity or average du-
ration. Combining both results from the correlation analysis and
the ANOVA analysis, we defined four sleep types. The first strik-
ing difference between clusters was their average sleep efficiency
which led to defining a high sleep efficiency and a low sleep effi-
ciency sleep type. The second characteristic that was most visible
was the average subjective sleep quality. Clusters three and four
had very similar recorded sleep parameters but varied most in
their perceived sleep quality. For this reason, we defined them as
the high sleep quality and low sleep quality sleep types. All of
these sleep types showed different correlations to their subjective
sleep quality, and hence different importance to what builds their
perception of sleep. This analysis would not have been possible
without clustering the participants, which shows that unsuper-
vised learning can be used for more refined and individual sleep
analysis.
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4.4 Publication IV: Generating Artificial
Sleep EEG

Full reference (published):
L. Biedebach, M. Rusanen, B. Þórðarson, E. Arnardóttir, M.
Óskarsdóttir, S. Nikkonen, H. Korkalainen, S. Myllymaa, J. Töyräs,
S. Kainulainen, T. Leppänen, and A. Islind, “Towards a deeper un-
derstanding of sleep stages through their representation in the la-
tent space of variational autoencoders”, Proceedings of the Annual
Hawaii International Conference on System Sciences, pp. 3111–
3121, 2023

The variational autoencoder showed that unsupervised ma-
chine learning can be used as a generative method to create ar-
tificial EEG data. Figure 4.9 shows a map of artificially gener-
ated EEG sequences. The generated sleep EEG sequences were
evaluated using a Turing test-style experiment conducted with a
sleep technologist. The goal of this experiment was to determine
whether the artificial EEG sequences were distinguishable from
real EEG recordings. For this, the sleep technologist was first
presented with 50 randomly selected EEG sequences, including 4
artificial ones. In the second setting, the sleep technologist was
presented with 18 EEG sequences, including 4 artificial ones. The
results of the test revealed that the sleep technologist was unable
to reliably distinguish between real and artificial EEG sequences
in both experimental settings.

Figure 4.8: Generated Sequences Mapped to their Positions in the
two-dimensional Latent Space
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Analyzing the different dimensions in the latent space showed
that the generated EEG sequences varied systematically depend-
ing on their position within the latent space, indicating that the
model successfully captured the underlying features of different
sleep stages. Certain regions of the latent space corresponded to
EEG characteristics typically associated with REM sleep, deep
sleep, and wakefulness, suggesting that VAEs can uncover mean-
ingful patterns in sleep EEG data without relying on manually
labeled training data. This shows that even a relatively simple
neural network architecture can learn key features of sleep EEG
patterns in a meaningful way. As the map in Figure 4.9 is only
two dimensional, it shows mainly a variation in amplitude and
was chosen as a simple visualization. Increasing the dimensional-
ity of the latent space increases the variation within the generated
sequences.

Figure 4.9: Embedding of Real EEG Sequences in a three dimen-
sional Visualization of the Latent Space

The embedding of real EEG sequences in this latent space
showed the potential of using the latent space of the variational
autoencoder for analyzing sleep stages. Clustering EEG sequences
based on their position in the latent space could provide mean-
ingful clusters. Ultimately, this new method could enable an un-
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supervised classification of sleep stages. This way, the human
bias introduced by the scorers and the human-made scoring rules
could be avoided. Additionally, the interpretability of the embed-
ding can provide context to each sequence and could be a new
pathway for explainable sleep staging.
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4.5 Publication V: Deriving Association
Rules from User Engagement

Full reference (submitted):
L. Biedebach, K. Ý. Friðgeirsdóttir, C. Carpinelli, A. P. Isberg,
H. Helgadóttir, E. S. Arnardottir, J. M. Saavedra Garcia, and
A. S. Islind, “Deriving association rules from user engagement in
a digital therapeutics application for sleep improvement”, Under
Review at the Journal of Medical Internet Research, 2025

Analyzing the OSA severity before and after a DTx interven-
tion showed that the sleep did not significantly improve when
looking at the entire study population. However, dividing the
group into participants who did reduce their OSA severity and
participants who did not, provided insights about their differences
in behavior.
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Figure 4.10: Participant retention in the app throughout the 12-
week study duration Engagement with the DTx application

It became visible that user engagement decreased over time in
both groups, a trend commonly observed in digital health inter-
ventions. Despite this decline, 43 out of 55 participants adhered to
the study design for more than half of the 12-week period, and 30
participants remained actively engaged for over 80 days. On av-
erage, users completed eight missions per day, including activities
such as tracking their steps, monitoring food and water intake,
and engaging with educational content about sleep. The average
engagement with the application overall decreased over time as
can be seen in Figure 4.11. Splitting the engagement up by the
type of mission the users completed, further differences between
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Figure 4.11: Average number of completed missions per week
throughout the 12-week program, categorized by mission type

the mission categories arise.
When the population was divided into one group, which showed

a reduced OSA severity when comparing the PSG before and after
the intervention period, and one group, which did not show im-
provement, clear differences became visible. The group of partic-
ipants (n=14) with a reduced OSA severity showed more engage-
ment with the DTx intervention, particularly in the food-related
missions, as can be seen in Figure 4.12. The improvement group
fulfilled on average 459 missions, while the non-improvement group
fulfilled on average 345 missions.

Frequent Item Set Support Number of Items 
[Awakenings↓, MEducation, MMove] 0.23 3 
[Awake in Bed↓, MEducation] 0.22 2 
[Sleep Duration↑, MEducation] 0.21 2 
[Coach Message, MEducation] 0.15 2 
[Stress↑, MMove] 0.12 2 

 
Table 4.1: Frequent Item Sets

The frequent item sets in Table 4.1 show, for example, that
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Figure 4.12: Engagement with missions by reduced OSA severity

it is likely that a participant who completed a move mission and
stayed only shortly in bed after they woke up is also more likely to
complete an education mission and experience fewer awakenings
during the night. By applying the apriori algorithm, association
rules were identified. The rules revealed several frequent patterns:
improved sleep metrics (fewer awakenings, increased sleep dura-
tion) often co-occurred with completing education and move mis-
sions. Furthermore, participants who completed education and
move missions also frequently completed food missions and re-
ported higher sleep quality. Table 4.2 shows examples of the as-
sociation rules.

Antecedent Consequent Sup. Conf. Lift 
[Awakenings↓, MEducation] [Awake in Bed↓, MMove] 0.10 0.40 1.83 
[MEducation, MMove] [MFood, Sleep Quality↑] 0.12 0.23 1.68 
[MEducation, Screen Time↑] [MFood, MMove] 0.10 0.79 1.75 
[Pain↑, MMove] [MEducation] 0.11 0.95 1.55 
[Sleep Duration↑, MMove, MFood] [MEducation] 0.15 0.94 1.54 
[Stress↑, MMove] [MEducation] 0.11 0.95 1.54 

 
Table 4.2: Association Rules with Support, Confidence and Lift



Chapter 5

Discussion

By synthesizing the findings from the comprehensive literature re-
view, alongside four case studies, this thesis provides an overview
of the landscape of sleep research, highlighting the role of unsu-
pervised learning across various domains within the field of digital
health. In the following sections, these results will be connected
to the research questions of this thesis and discussed from a so-
ciotechnical lens [133]. By addressing identified gaps and the syn-
thesis of the case study results, directions for new pathways of
unsupervised learning will be derived and positioned within the
framework of 4P medicine [14]. Based on these contributions, both
theoretical and practical implications will be derived. Finally, the
limitations of this thesis and future work will be discussed.

5.1 Key Findings
Unsupervised Learning

This thesis showed by reviewing the existing literature that un-
supervised learning has already made impactful contributions to
sleep research and still has promising applications that have not
been explored yet [1]. Historically, unsupervised machine learning
is building on the shoulders of giants, capitalizing on the build-
ing blocks of mathematics from the last century [39], [138], [233],
but has only recently started to gain the attention it deserves.
Reviewing the types of methods used in these applications in the
scoping review (Paper 1) shows that the majority of unsupervised
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learning literature is on clustering and dimensionality reduction.
However, there are other promising areas of unsupervised learn-
ing, which have been less widely applied in sleep research. The
results showed that the benefit of unsupervised models cannot be
limited to only refraining from manual labels. They also showed
that unsupervised learning can in some use cases, surpass the per-
formance of supervised models and fulfill tasks that are out of the
scope of supervised learning. The review furthermore showed how
unsupervised methods, for example, clustering or GANs, can be
used to improve the classification accuracy of supervised methods.

The results of the four case studies show that unsupervised
learning has useful applications in different areas of sleep research,
which strongly vary in methodology and research aim, and by
that, all contribute in different ways. It shows success in detect-
ing mouth breathing, generating artificial sleep data, identifying
sleep types, and analyzing digital interventions. There are ap-
plications of unsupervised learning, which could just as well be
performed by supervised models. For example, the case study on
anomaly detection (Paper 2) showed that unsupervised or semi-
supervised methods can be applied as an alternative to supervised
anomaly detection to detect mouth breathing and achieve similar
accuracy without using labels in the training [2]. In this regard,
unsupervised machine learning is beneficial as it saves effort to ac-
quire labeled sleep recordings. Additionally, these models cannot
be affected by human bias inherent in the manual scoring. This
can let the model seize the true potential of unsupervised machine
learning, finding abstract patterns purely based on the data.

However, the applications of unsupervised and supervised learn-
ing can not always be directly compared because they are often
not suitable for the same tasks. Therefore, exploring the potential
of unsupervised learning opens up new applications that have not
been considered with supervised machine learning before. The
existing findings showed successful applications of unsupervised
learning and indicate that there are more applications of unsu-
pervised learning in digital health that are yet to be uncovered.
Moreover, the data is yet to be fully carved out, as health data is
maturing each day, further capitalizing the need for more research
on unsupervised learning. The case on generative models showed
that we can generate artificial EEG data in an interpretable and
explainable way using unsupervised learning. Without any infor-
mation about sleep stages in the model training, multiple sleep
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stages were represented in the latent space of the autoencoder.
The case study using clustering (Paper 3) showed how applying
unsupervised learning before traditional analysis can reveal in-
sights that were not visible before [3]. The clustering allowed us
to divide the study population into groups which was previously
only been done by age or gender. These results indicate that un-
supervised learning can open up new research possibilities that
are more targeted towards individuals. Similar to objective and
subjective sleep quality, this method could be applied to more
health conditions and could also, on a grander scheme, be applied
to other phenomena that can be measured subjectively and ob-
jectively. Hereby this finding is not only limited to sleep research
or digital health but could provide pathways for data science and
information systems in general.

Therefore, RQ1, on the state of the art of unsupervised learn-
ing methods in sleep, can be answered by considering the broad
spectrum of unsupervised machine learning methods and how each
of them takes different roles and can support, replace, or extend
the work of supervised models in different ways.

Health Data

Both the review and the case studies gave detailed insights into the
different data types used with unsupervised learning methods in
sleep research. The review succeeded in highlighting the variety of
data types, and the case studies described the selected data types
and how they can be used for unsupervised learning in closer
detail.

Using simplified measurement devices clearly shows drawbacks
in accuracy in comparison to the traditional sleep staging based
on EEG but opened new pathways for long-term sleep monitoring,
as shown by publications identifying longitudinal patterns in sleep
data [107], [206], [234]. The review included many publications
using unsupervised machine learning methods to monitor sleep
with minimal invasive sleep staging, as shown by devices such
as wearables, mattress-integrated sensors, video, audio, and var-
ious nearable technologies, which collect sufficient data for basic
sleep analysis with minimal intrusion. The thesis showed that un-
supervised methods were used to extract information from these
low-quality data streams [118], [181], [182]. This usage of unsuper-
vised learning can support the broader adoption of simplified mea-
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surement devices in both clinical and home settings, which opens
up new possibilities for continuous, longitudinal health tracking.
These continuous data streams dramatically increase the volume
and variety of available health data, which further benefits unsu-
pervised learning.

Having such a wide choice of data sources raises the question
of whether it makes sense to combine multiple data sources. Inte-
grating different types of health data in machine learning models
can create new perspectives on sleep, as shown in the case of sub-
jective and objective sleep quality measurements [3] and the con-
nection between smartwatch tracking and user engagement with
the DTx application [5]. As sleep and sleep health is a multi-
dimensional construct, where various processes in the body are
involved, we need to reflect this also in machine learning applica-
tions by integrating different data sources. This applies not only
to sleep health but aligns with literature on multi modal health
data in general [235]. The richness of various forms of health
data and the methods of integrating them open up the possibility
of creating machine-learning models that approach health from
different perspectives.

The amount of collected health data is steadily growing [236].
The emergence of new health data sources, such as wearables,
nearable sensors, and smartphone apps, presents also new chal-
lenges. Since health data is highly sensitive personal data, it needs
to be treated with care. Unlike traditional clinical data, which is
collected in controlled environments with verified devices, wear-
ables are often consumer devices. Furthermore, the data is now
collected in the person’s home and is being shared over unregu-
lated networks. Therefore, data privacy is a big challenge for new
ways of data collection [237], [238]. Another possible weakness of
new forms of health data is its reliability, which becomes a critical
issue when it is used for monitoring or diagnosing health [239]. If
the data is not reliable, basing decisions on it may be harmful to
the user.

Based on these findings, RQ2, on health data types and their
integration in unsupervised learning, can be answered by consid-
ering different data forms as different perspectives on health and
possibly integrating them for a more complete view. Furthermore,
new simplified data types offer new insights but also require cau-
tion in terms of data privacy and data reliability.
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Integration into Research and Clinical Practice

The state-of-the-art unsupervised learning methods, in combina-
tion with new data streams, hold a lot of potential from a technical
perspective, but their impact on digital health will be determined
by how well the intersection of technology, people, and processes
is managed. This sociotechnical perspective has shown that in-
novation adoption is not automatic in healthcare, as it requires
careful alignment with human factors and institutional contexts
[240]. In the review and in the case studies showed research that
creates clinical value in different ways. In the following, the con-
tribution of unsupervised learning to clinical research, healthcare,
and individual health will be discussed. [241]

To ensure a meaningful application of unsupervised learning
into clinical research, a fundamental understanding of the meth-
ods [242] and medical data [243] is needed. This thesis aimed
to create a fundamental understanding of unsupervised methods
and medical data through a comprehensive review [1]. One way of
ensuring that research is valuable in the medical context is work-
ing in interdisciplinary teams. An example is the Sleep Revolution
project, where collaborators in academia, healthcare, and industry
collaborate in sleep research [129]. All four case studies were con-
ducted in collaboration with researchers from different disciplines,
including medicine, biology, medical physics, and sport science,
which is reflected both in their conceptualization and evaluation.
The case study on anomaly detection, for example, was motivated
by the need for better mouth breathing detection, particularly for
children, which was identified with the in-depth domain knowl-
edge of a sleep researcher [2]. Furthermore, the falsely classified
breathing sequences were manually reviewed with a professional
who would review this data in a clinical setting. The conclu-
sion was that most of the false positive sequences either included
mouth breathing during wake, slight or short mouth breathing,
or bad signal quality. This further confirmed the success of the
anomaly detection and, at the same time, undermined the relia-
bility of the manual labels. Similarly, the case study on generative
models showed the value of these interdisciplinary research teams,
as the artificially generated sleep data was validated by a profes-
sional with decades of experience in reviewing real sleep data [4].
These results are in line with Loftus et al. [241], who see large
potential for clustering in clinical research, but recommend the
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clinical expertise of a medical professional to validate the clus-
ters.

Connecting the findings on unsupervised learning in digital
health with information systems theory proposed by Davis [244]
shows that the applications need to be useful and easy to use
in order to be accepted and integrated into existing processes.
If clinicians do not clearly see the usefulness of an unsupervised
learning application, they are unlikely to incorporate it into clin-
ical practice [245]. Therefore creating a concrete value, such as
detecting anomalous patterns for preventive measures or assisting
with easier or more precise diagnosis, is important for convincing
clinicians of unsupervised machine learning. At the same time,
the applications should be well-integrated into the existing pro-
cesses and not increase the workload of healthcare professionals.
Another important factor for the acceptance of new technologies
in healthcare is trust [246]. One way of using unsupervised learn-
ing to improve the adoption of AI in healthcare is improving the
interpretability of machine learning applications [247]. Explain-
able AI (XAI) can help to create trust in new technologies and
make the usage more intuitive for end-users [248]. Especially in
health-related machine learning applications, transparency is im-
portant, as the decisions made by an application can directly affect
the health of a patient. Generative machine learning models are
used in the XAI movement to create visualizations [249]. Other
unsupervised methods covered in this thesis, such as hierarchi-
cal clustering [250] and dimensionality reduction [251], have been
used for explainable decision-making in clinical practice as well.

In conclusion, RQ3, on the clinical contribution of unsuper-
vised learning, has to be answered differently depending on whether
the application contributes to clinical research or healthcare. In
summary, unsupervised learning applications should be developed
by an interdisciplinary research team, create trust through ex-
plainability, and be well-integrated into existing processes.

5.2 New Pathways for Digital Health
Unsupervised learning is already an established and important
method in different areas of sleep research, has been used with
various different types of health data, and can make contribu-
tions with clinical value when applied right. However, by observ-
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ing gaps in existing literature and exploring promising research
directions, it became clear that unsupervised learning has yet to
realize its full potential. The following section will answer the last
research question RQ4 on where new pathways for unsupervised
learning in sleep should be directed and how these findings can
be generalized to digital health. These pathways are discussed in
the following section by how they can contribute to predictive,
preventive, personalized, and participatory medicine.

Unsupervised Learning for Predictive Medicine

The thesis showed how unsupervised learning contributed in dif-
ferent ways to predictive models and, based on that, identified
gaps in predictive medicine. The most promising identified fu-
ture pathways are generative models and unsupervised domain
adaptation.

Generative machine learning models recently received an in-
creased interest in the general population. Reviewing the litera-
ture on generative models showed new pathways of unsupervised
learning with health data. Existing publications showed that gen-
erative models learn the underlying distribution of data and can
create new synthetic examples, which is a powerful capability for
both understanding and augmenting sleep datasets. Synthetic
data generation can be used to increase the data set, especially
when real data is limited or when simulating rare events. Gen-
erative models could also help researchers experiment with hypo-
thetical scenarios, for example, modifying certain signal features
to see how sleep architecture might change, by generating new
data from the latent space, as proposed in the case study on gen-
erative models [4]. Furthermore, unsupervised generative meth-
ods can simulate patient profiles or health scenarios, contributing
to the development of virtual models of patients used to predict
outcomes under different treatments. Ultimately, synthetic data
can re-create health data, which reflects important characteris-
tics of a patient’s data but does not include personal identifying
information, which is an important achievement for patient pri-
vacy [252]. Since there have been only few publications and the
state-of-the-art in these methods is rapidly evolving, this thesis
suggests generative models as a promising new pathway for sleep
research. The case study using a VAE emphasizes the impor-
tance of transparency and interpretability in machine learning for
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healthcare. There is a need for digital health applications to be
not only accurate but also understandable by both clinicians and
end-users.

Even though typically supervised learning is known for su-
perior prediction accuracy and has been applied in predictive
medicine [253], unsupervised methods can be used to enhance
the prediction accuracy of supervised models. One method that
struck out in the analysis is unsupervised domain adaptation, a
method that allows us to apply a machine learning model to sleep
data we have no or little access to and train the model on a similar
data set. Several publications in sleep research used unsupervised
domain adaption, to enhance the accuracy of predictive models.
This method has shown success with transferring knowledge from
Magnetic Resonance Imaging Magnetic Resonance Imaging (MRI)
data stemming from different research centers [254]. Due to the
inherent heterogeneity of health data, we propose to pursue this
research direction further for data stemming from different par-
ticipants, devices, or conditions.

Unsupervised Learning for Preventive Medicine

Unsupervised machine learning can contribute to preventive health-
care in different ways. The review showed that continuous moni-
toring can help with early detection of disease. The thesis iden-
tified unsupervised anomaly detection as a potential research di-
rection, especially in combination with emerging data types.

The case study on anomaly detection demonstrated how ma-
chine learning methods, including both classic and deep learning
models, can identify rare but clinically significant events within
highly imbalanced datasets [2]. This method has potential for
digital health, particularly in early diagnosis and monitoring of
chronic conditions where subtle physiological deviations signal fu-
ture health risks. The ability to detect anomalies in real-time,
using wearable and non-invasive monitoring devices, paves the
way for more proactive and personalized healthcare. These meth-
ods can be applied to respiratory conditions, cardiac irregularities,
or behavioral anomalies in mental health. The challenge of deal-
ing with data imbalance, as seen in the anomaly detection study,
also underlines the importance of validation strategies that en-
sure model robustness across different populations. This finding
could apply to any application in digital health that deals with
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imbalanced data sets. As suggestions for future research, the work
on anomaly detection could be extended by including data from
remote monitoring tools as proposed in publications in sleep re-
search [160], [205], [207] and combining multiple data sources.

Unsupervised Learning for Personalized Medicine

Clustering as the most common method of unsupervised learning,
showed many strengths within sleep research. Based on the clus-
tering case study, this thesis advocates for personalized medicine
in the form of assigning people into clusters with similar health
backgrounds.

The case study on sleep quality gave insights into sleep types
and the perception of the participants’ sleep but also delivered im-
portant findings for digital health in general [3]. Wearable devices
enable individuals to monitor their health metrics in real time and
over extended periods. This shift from clinic-based assessments to
home-based monitoring empowers individuals to actively partici-
pate in managing their health. The ability to track both objective
physiological data (e.g., heart rate, sleep stages) and subjective
perceptions (e.g., self-reported sleep, pain, happiness, anxiety)
allows for a more holistic understanding of well-being. This con-
cept extends beyond sleep research to other areas of digital health,
where integrating various data sources can improve chronic dis-
ease management, mental health interventions, and general pre-
ventive healthcare. Furthermore, the use of unsupervised learning
to identify clusters of individuals with similar health patterns sug-
gests that personalized treatment and intervention plans can be
developed across different health domains. For instance, cluster-
ing methods can help tailor digital health applications to a certain
user group, which is a step towards personalization of healthcare.
By uncovering hidden groupings in patient populations, unsuper-
vised learning enables a more personalized approach to healthcare
where treatments and health advice can be tailored to the specific
data-defined profile of each patient rather than a one-size-fits-all
model.

Unsupervised Learning for Participatory Medicine

The case study on analyzing user engagement with a digital health
intervention showed how unsupervised machine learning can con-
tribute to participatory medicine. Based on the review and this
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case study, this thesis suggests pursuing the analysis of user en-
gagement in digital interventions and highlights association rules
as one possible method.

Paper 5 showed that user engagement was an important fac-
tor in improving OSA severity with a DTx application [5]. The
methodology of using association rules for understanding user en-
gagement and behavior can be used in other DTx applications.
This method can be applied to various conditions, such as metabolic
disorders, cardiovascular health, and mental well-being. These
applications may collect different kinds of data but could bene-
fit in the same way from identifying which features in the DTx
application contribute most to improved health outcomes.

5.3 Theoretical Implications
This thesis has several theoretical implications for unsupervised
machine learning in sleep and in general digital health. The lit-
erature review part of the thesis builds a strong foundation for
theoretical implications. By conducting multiple case studies, the
thesis furthermore implemented novel methods for handling the
unique challenges of digital health data, which is characterized
by high dimensionality, noise, and heterogeneity. The theoretical
implications derived from the results of all five publications will
be discussed in the light of both information systems and data
science in the following section.

A key contribution to the field of information systems is the
methodology for working with data that reflects the physical and
physiological status of humans both through objective and sub-
jective assessment [3]. In other areas of digital health, the same
phenomena can be captured both objectively and subjectively,
such as stress [255]. While it is up for discussion whether subjec-
tive or objective health data are better [256], we aimed to combine
both for a more complete view of sleep health. This thesis intro-
duced a novel method for using the gap between objective and
subjective data to cluster people and create profiles. Ultimately,
this method could be used to enhance the personalization of sleep
monitoring and health monitoring in general.

The thesis derived multiple theoretical implications for the
field of data science, ranging from deeper analysis pathways for
health-related data to improved evaluation procedure that takes
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the heterogeneity of patients into account. The case study on
exploring sleep stages in the latent space of a VAE shows both
how knowledge can be derived from this method, as well as how
this method can be evaluated, hereby using an evaluation method
based on the Turing test [4]. This can serve as a theoretical foun-
dation for other machine learning publications on generative mod-
els. Furthermore, the leave-one-out evaluation and comparison of
machine learning models in the case study on anomaly detection
makes valuable theoretical implications for machine learning with
health data, as well as the trade-off between classical and deep
learning. Ultimately, the literature review serves as a strong the-
oretical foundation for data science research in digital health by
mapping, comparing, and discussing unsupervised learning meth-
ods [1].

Collectively, these contributions deepen our understanding of
unsupervised learning and provide theoretical foundations to drive
future innovations in digital health applications.

5.4 Practical Implications
The thesis offers practical contributions by showing different ways
of applying unsupervised machine learning methods in the con-
text of sleep and digital health. Both the review and the case
studies have practical implications for the successful integration
of unsupervised learning in digital health based on the findings
on integrating unsupervised learning in sleep research. Starting
with a health-related issue that should be both relevant from the
perspective of a clinician and feasible from the perspective of a
computer scientist, this thesis provides practical guidance for dif-
ferent health data types, preprocessing steps, machine learning
methods, and evaluation methods.

First, by working with different types of physiological data,
it demonstrates how to combine heterogeneous data sources from
wearable sensor outputs to clinical grade recordings. This compre-
hensive approach not only broadens the scope of available informa-
tion from traditional measurement devices and new digital tools
but also facilitates a more nuanced understanding of health in gen-
eral and sleep in particular. Analyzing multi-dimensional patient
data can create a more complete view of one’s health. The case
on DTx lifestyle intervention, for example, integrated not only
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data from PSG measurement with longitudinal sleep tracking but
also explored a completely different form of health-related data:
the interaction between the patient and the digital intervention.
This new data form, reflecting the engagement of the patients’
engagement with their own health, revealed interesting insights
and showed how digital health creates new data sources [5]. This
paper furthermore proposed to transform this combined data set
into a transaction-based format to reflect participants, days and
features simultaneously.

Second, this thesis provides guidance on the application of un-
supervised machine learning methods on real data sets. Provid-
ing robust preprocessing steps, the thesis addresses the challenges
inherent in physiological data, such as noise, artifacts, and vari-
ations in sampling frequency. Detailed descriptions for filtering,
normalization, and dimensionality reduction show how the data
are transformed into a suitable format, which is crucial for ex-
tracting meaningful features and for improving model robustness
in real-world settings.

Third, by comparing different models, the work offers insights
into the relative strengths and limitations of various unsupervised
methods. Whether using traditional clustering methods or mod-
ern deep learning approaches, the comparative analysis guides the
selection of appropriate models for specific types of sleep data.
By adopting a patient-wise evaluation method, the second paper
accounts for inter-individual variability [2]. Evaluating models
on a per-patient basis helps ensure that the performance metrics
reflect real-world differences across diverse populations, ensuring
that the results are both interpretable and clinically relevant. A
good example of throughout evaluation of unsupervised learning
for healthcare is Miotto et al. [257], who evaluated their work on
76000 patient records predicting 78 different conditions. More-
over, the thesis offered insights into the trade-offs between model
complexity and generalizability, demonstrating conditions under
which classical anomaly detection methods can outperform more
complex deep learning architectures.

5.5 Limitations and Future Work
When analyzing the publications that utilize unsupervised ma-
chine learning in sleep research, interesting applications became
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visible. However, this analysis also revealed significant limitations
of these publications. Many publications validated their work in
settings that are not applicable to clinical practice. By testing
their methods on small homogeneous populations, their work may
not be generalizable to the whole population. This may be enough
to prove their method and make a contribution to computer sci-
ence, but has little value from a health perspective. Interdis-
ciplinary collaboration is essential for translating these methods
into real insights with clinical and physiological significance. This
thesis advocated for bridging the gap between health expertise
and machine learning expertise and aims to provide a foundation
to facilitate collaboration across disciplines.

A recurring challenge across the studies is the reliability of
recorded data. Physiological signals are inherently complex and
heterogeneous. They are prone to measurement errors which can
result in missing data or distorted data. Another major chal-
lenge is the inter-individual variability and the influence of envi-
ronmental factors, which can result in substantial differences in
the data. Moreover, the reliance on outdated or biased datasets,
such as those predominantly featuring young and healthy individ-
uals, limits the generalizability of findings. Due to the absence or
low reliability of ground truth labels, the validation of unsuper-
vised learning is limited. Since unsupervised methods are often
considered when labeled data is scarce or unreliable, the eval-
uation based on these labels is inherently flawed. In detecting
mouth breathing, for example, defining the exact onset and offset
of events remains difficult, even for human reviewers, leading to
potential inconsistencies.

Generally, when applying unsupervised machine learning meth-
ods, it is difficult to validate and compare the performance of a
model. Unlike in classification, there is no straightforward met-
ric to quantify performance in some unsupervised models. In this
way, unsupervised models are inherently different from supervised
models, as their strength is in exploring new patterns, clusters,
or associations instead of recognizing predefined classes. Metrics
such as reconstruction error, silhouette scores, or measures of clus-
ter cohesion can quantify a model but may not fully capture the
practical utility or interpretability of the model.

A limitation of existing work on unsupervised learning in sleep
research is the generalizability of findings. In sleep staging partic-
ular, most publications used the Sleep-EDF dataset, a standard
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benchmark developed in the 1980s that mainly represents healthy,
young Caucasian individuals. This narrow focus raises concerns
about the dataset’s ability to generalize across diverse popula-
tions, particularly in clinical contexts where a broad spectrum
of ages, genders, and ethnicities is essential for accurate diagno-
sis. Moreover, the incremental gains in performance achieved on
this dataset may not translate into meaningful clinical improve-
ments. Similarly, the validation of sleep staging models largely
on healthy subjects further limits their practical utility. By ex-
cluding individuals with sleep disorders, who are most in need of
effective diagnostic tools, current approaches risk being not appli-
cable in real-world clinical scenarios. Even though the case studies
in this thesis aimed to select appropriate data sets and do mean-
ingful validation, the generalizability of the applied methods to
different measurement devices, time frames, or populations is not
addressed, which poses a limitation of the case studies. Future
research must therefore incorporate more diverse populations to
ensure that advancements in machine learning yield robust and
clinically relevant outcomes. These challenges underscore the ne-
cessity for incorporating domain-specific insights and developing
robust, explainable models that can effectively handle the vari-
ability and complexity inherent in physiological data.

The thesis is limited by the amount of conducted case studies,
since not every identified future research area was implemented.
However, the remaining ones were stated as potential pathways
and can be explored in future research. Another topic, which was
outside of the scope of this thesis but stirred interest for future
research was the potential of self-supervised and semi-supervised
learning.



Chapter 6

Conclusion

This thesis demonstrated the diversity of research on unsupervised
learning in sleep research. Together, the five included papers pro-
vide a new perspective on digital health. By moving beyond man-
ual labels and predefined categories and embracing data-driven
discovery, the unsupervised methods reviewed and implemented
in this thesis guide the way to preventive, precision, and patient-
centered care in the digital health era. The literature review,
Paper 1, showed that there is a rising interest in unsupervised
learning and that the trend goes towards diverse unsupervised
methods and using diverse data types. By exploring unsuper-
vised methods such as association rules, generative models, or
unsupervised domain adaptation, new research directions, which
cannot be covered with supervised models are entered. The case
studies, Papers 2 to 5, put promising research into practice and
provide guidance on the preprocessing, model selection, and eval-
uation of these different methods with health-related data. The
case studies aim to make clinically meaningful contributions using
unsupervised methods and show their potential and challenges,
which can be used as a basis for further research in this area. The
combined results of these papers outlined existing work of unsu-
pervised machine learning in sleep research, explored and applied
various health data, reflected on the clinical value of unsupervised
learning, and, ultimately, found new pathways for unsupervised
learning in digital health.

81



82 CHAPTER 6. CONCLUSION



Bibliography

[1] L. Biedebach, D. Ferreira-Santos, M.-A. Stefanos, et al.,
“Unsupervised machine learning in sleep research: A scop-
ing review”, Under review after major revisions at SLEEP,
Oxford University Press, 2025.

[2] L. Biedebach, M. Óskarsdóttir, E. S. Arnardóttir, et al.,
“Anomaly detection in sleep: Detecting mouth breathing in
children”, Data Mining and Knowledge Discovery, vol. 38,
no. 3, pp. 976–1005, 2024.

[3] L. Biedebach, M. Óskarsdóttir, E. S. Arnardottir, and A. S.
Islind, “Two Sides of the Same Pillow: Unfolding the Rela-
tionship between Objective and Subjective Sleep Quality
with Unsupervised Learning”, Proceedings of the Annual
International Conference on System Sciences, 2023.

[4] L. Biedebach, M. Rusanen, B. Þórðarson, et al., “Towards
a deeper understanding of sleep stages through their repre-
sentation in the latent space of variational autoencoders”,
Proceedings of the Annual Hawaii International Confer-
ence on System Sciences, pp. 3111–3121, 2023.

[5] L. Biedebach, K. Ý. Friðgeirsdóttir, C. Carpinelli, et al.,
“Deriving association rules from user engagement in a dig-
ital therapeutics application for sleep improvement”, Under
Review at the Journal of Medical Internet Research, 2025.

[6] C. Arnold, L. Biedebach, A. Küpfer, and M. Neunhoeffer,
“The role of hyperparameters in machine learning mod-
els and how to tune them”, Political Science Research and
Methods, vol. 12, no. 4, pp. 841–848, 2024.

83



84 BIBLIOGRAPHY

[7] M. Ghorvei, T. Karhu, S. Hietakoste, et al., “A compar-
ative analysis of unsupervised machine-learning methods
in PSG-related phenotyping”, Journal of Sleep Research,
e14349, 2024.

[8] L. Biedebach, D. Gozal, E. Arnardóttir, S. Sigurðardót-
tir, and A. Islind, “To breathe, or not to breathe through
the mouth: Analysing mouth breathing in a pediatric sleep
study”, Sleep Medicine, vol. 115, S286–S287, 2024.

[9] L. Biedebach, M. Óskarsdóttir, E. S. Arnardóttir, and A. S.
Islind, “Objective and subjective sleep quality”, Nordic Sleep
Conference, 2023.

[10] D. C. Lim, A. Najafi, L. Afifi, et al., “The need to promote
sleep health in public health agendas across the globe”, The
Lancet Public Health, vol. 8, no. 10, e820–e826, 2023.

[11] V. K. Chattu, M. D. Manzar, S. Kumary, D. Burman,
D. W. Spence, and S. R. Pandi-Perumal, “The global prob-
lem of insufficient sleep and its serious public health impli-
cations”, in Healthcare, MDPI, vol. 7, 2018, p. 1.

[12] U. Varshney, “Mobile health: Four emerging themes of re-
search”, Decision Support Systems, vol. 66, pp. 20–35, 2014.

[13] A. I. Stoumpos, F. Kitsios, and M. A. Talias, “Digital
transformation in healthcare: Technology acceptance and
its applications”, International journal of environmental
research and public health, vol. 20, no. 4, p. 3407, 2023.

[14] M. Flores, G. Glusman, K. Brogaard, N. D. Price, and L.
Hood, “P4 medicine: How systems medicine will transform
the healthcare sector and society”, Personalized medicine,
vol. 10, no. 6, pp. 565–576, 2013.

[15] Y.-K. Lin, H. Chen, R. A. Brown, S.-H. Li, and H.-J. Yang,
“Healthcare predictive analytics for risk profiling in chronic
care”, Mis Quarterly, vol. 41, no. 2, pp. 473–496, 2017.

[16] S. Dash, S. K. Shakyawar, M. Sharma, and S. Kaushik,
“Big data in healthcare: Management, analysis and future
prospects”, Journal of big data, vol. 6, no. 1, pp. 1–25, 2019.

[17] T. Hulsen, S. S. Jamuar, A. R. Moody, et al., “From big
data to precision medicine”, Frontiers in medicine, vol. 6,
p. 34, 2019.



BIBLIOGRAPHY 85

[18] M. J. Ball and J. Lillis, “E-health: Transforming the physi-
cian/patient relationship”, International journal of medical
informatics, vol. 61, no. 1, pp. 1–10, 2001.

[19] S. Shajari, K. Kuruvinashetti, A. Komeili, and U. Sun-
dararaj, “The emergence of ai-based wearable sensors for
digital health technology: A review”, Sensors, vol. 23, no. 23,
p. 9498, 2023.

[20] P. Kostkova, Grand challenges in digital health, 2015.
[21] E. J. Emanuel and R. M. Wachter, “Artificial intelligence

in health care: Will the value match the hype?”, Jama,
vol. 321, no. 23, pp. 2281–2282, 2019.

[22] S. Roy, T. Meena, and S.-J. Lim, “Demystifying supervised
learning in healthcare 4.0: A new reality of transforming
diagnostic medicine”, Diagnostics, vol. 12, no. 10, p. 2549,
2022.

[23] A. Trezza, A. Visibelli, B. Roncaglia, O. Spiga, and A. San-
tucci, “Unsupervised learning in precision medicine: Un-
locking personalized healthcare through ai”, Applied Sci-
ences, vol. 13, no. 20, p. 9305, 2023. doi: 10.3390/app13209305.

[24] A. Yakimovich, A. Beaugnon, Y. Huang, and E. Ozkir-
imli, “Labels in a haystack: Approaches beyond supervised
learning in biomedical applications”, Patterns, vol. 2, no. 12,
2021.

[25] S. D. Holcomb, W. K. Porter, S. V. Ault, G. Mao, and
J. Wang, “Overview on deepmind and its alphago zero ai”,
in Proceedings of the 2018 international conference on big
data and education, 2018, pp. 67–71.

[26] M. V. Koroteev, “Bert: A review of applications in natu-
ral language processing and understanding”, arXiv preprint
arXiv:2103.11943, 2021.

[27] T. Brown, B. Mann, N. Ryder, et al., “Language models
are few-shot learners”, Advances in neural information pro-
cessing systems, vol. 33, pp. 1877–1901, 2020.

[28] I. Goodfellow, J. Pouget-Abadie, M. Mirza, et al., “Gener-
ative adversarial nets”, in Advances in Neural Information
Processing Systems, 2014, pp. 2672–2680.

[29] Y. LeCun, Y. Bengio, and G. Hinton, “Deep learning”, na-
ture, vol. 521, no. 7553, pp. 436–444, 2015.

https://doi.org/10.3390/app13209305


86 BIBLIOGRAPHY

[30] Y. Bengio, A. Courville, and P. Vincent, “Representation
learning: A review and new perspectives”, IEEE transac-
tions on pattern analysis and machine intelligence, vol. 35,
no. 8, pp. 1798–1828, 2013.

[31] I. Perez-Pozuelo, B. Zhai, J. Palotti, et al., “The future of
sleep health: A data-driven revolution in sleep science and
medicine”, NPJ digital medicine, vol. 3, no. 1, p. 42, 2020.

[32] E. S. Arnardottir, A. S. Islind, and M. Óskarsdóttir, “The
future of sleep measurements: A review and perspective”,
Sleep medicine clinics, vol. 16, no. 3, pp. 447–464, 2021.

[33] S. Biswal, J. Kulas, H. Sun, et al., “Sleepnet: Automated
sleep staging system via deep learning”, arXiv preprint
arXiv:1707.08262, 2017.

[34] R. Haidar, I. Koprinska, and B. Jeffries, “Sleep apnea event
detection from nasal airflow using convolutional neural net-
works”, in International Conference on Neural Information
Processing, Springer, 2017, pp. 819–827.

[35] C. Loza, L. Colgin, d. B. M, et al., “Deep Neural Dynamic
Bayesian Networks Applied to EEG Sleep Spindles Model-
ing”, English, Lecture Notes in Computer Science (includ-
ing subseries Lecture Notes in Artificial Intelligence and
Lecture Notes in Bioinformatics), vol. 12905, pp. 550–560,
2021.

[36] S. Nikkonen, P. Somaskandhan, H. Korkalainen, et al., “Mul-
ticentre sleep-stage scoring agreement in the sleep revo-
lution project”, Journal of Sleep Research, vol. 33, no. 1,
e13956, 2024.

[37] T. M. Mitchell, “Machine learning”, McGraw-hill New York,
vol. 1, no. 9, 1997.

[38] I. Goodfellow, Y. Bengio, A. Courville, and Y. Bengio,
Deep learning. MIT Press Cambridge, 2016, vol. 1.

[39] F. Rosenblatt, “The perceptron: A probabilistic model for
information storage and organization in the brain.”, Psy-
chological review, vol. 65, no. 6, p. 386, 1958.

[40] J. Alzubi, A. Nayyar, and A. Kumar, “Machine learning
from theory to algorithms: An overview”, in Journal of
physics: conference series, IOP Publishing, vol. 1142, 2018,
p. 012 012.



BIBLIOGRAPHY 87

[41] C. M. Bishop and N. M. Nasrabadi, Pattern recognition
and machine learning. Springer, 2006, vol. 4.

[42] S. Tufail, H. Riggs, M. Tariq, and A. I. Sarwat, “Advance-
ments and challenges in machine learning: A comprehen-
sive review of models, libraries, applications, and algo-
rithms”, Electronics, vol. 12, no. 8, p. 1789, 2023.

[43] R. Krishnan, P. Rajpurkar, and E. J. Topol, “Self-supervised
learning in medicine and healthcare”, Nature Biomedical
Engineering, vol. 6, no. 12, pp. 1346–1352, 2022.

[44] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning.
MIT Press, 2016.

[45] K. P. Murphy, Probabilistic Machine Learning: An intro-
duction. MIT Press, 2022.

[46] S. Naeem, A. Ali, S. Anam, and M. M. Ahmed, “An unsu-
pervised machine learning algorithms: Comprehensive re-
view”, International Journal of Computing and Digital Sys-
tems, 2023.

[47] M. Abukmeil, S. Ferrari, A. Genovese, V. Piuri, and F.
Scotti, “A survey of unsupervised generative models for ex-
ploratory data analysis and representation learning”, ACM
Computing Surveys (CSUR), vol. 54, no. 5, pp. 1–40, 2021.

[48] M. J. Sateia, “International classification of sleep disor-
ders”, Chest, vol. 146, no. 5, pp. 1387–1394, 2014.

[49] H. Rajaguru, R. Karthikamani, H. R, B. C.G, P. C, and D.
D, “Performance Analysis of the Classifier in the Classifi-
cation of Normal-Sleep and Seizure from EEG Signal”, En-
glish, Proceedings - 2nd International Conference on Smart
Technologies, Communication and Robotics 2022, STCR
2022, 2022.

[50] L. Anghel, A. Ciubară, A. Nechita, et al., “Sleep disorders
associated with neurodegenerative diseases”, Diagnostics,
vol. 13, no. 18, p. 2898, 2023.

[51] K. Ramar and E. J. Olson, “Management of common sleep
disorders”, American family physician, vol. 88, no. 4, pp. 231–
238, 2013.



88 BIBLIOGRAPHY

[52] M. Óskarsdóttir, A. Islind, E. August, E. Arnardóttir, F.
Patou, and A. Maier, “Importance of Getting Enough Sleep
and Daily Activity Data to Assess Variability: Longitudinal
Observational Study”, English, JMIR Formative Research,
vol. 6, no. 2, 2022.

[53] M. A. Carskadon, W. C. Dement, et al., “Normal human
sleep: An overview”, Principles and practice of sleep medicine,
vol. 4, no. 1, pp. 13–23, 2005.

[54] S. Chokroverty et al., “Overview of sleep & sleep disorders”,
Indian J Med Res, vol. 131, no. 2, pp. 126–140, 2010.

[55] D.-J. Dijk, “Regulation and functional correlates of slow
wave sleep”, Journal of Clinical Sleep Medicine, vol. 5, no. 2
suppl, S6–S15, 2009.

[56] P. A. Bryant, J. Trinder, and N. Curtis, “Sick and tired:
Does sleep have a vital role in the immune system?”, Nature
Reviews Immunology, vol. 4, no. 6, pp. 457–467, 2004.

[57] W. Huang, K. M. Ramsey, B. Marcheva, J. Bass, et al.,
“Circadian rhythms, sleep, and metabolism”, The Journal
of clinical investigation, vol. 121, no. 6, pp. 2133–2141,
2011.

[58] R. L. Sack, D. Auckley, R. R. Auger, et al., “Circadian
rhythm sleep disorders: Part i, basic principles, shift work
and jet lag disorders”, Sleep, vol. 30, no. 11, pp. 1460–1483,
2007.

[59] W. H. Walker, J. C. Walton, A. C. DeVries, and R. J.
Nelson, “Circadian rhythm disruption and mental health”,
Translational psychiatry, vol. 10, no. 1, p. 28, 2020.

[60] E. J. Stepanski and J. K. Wyatt, “Use of sleep hygiene in
the treatment of insomnia”, Sleep medicine reviews, vol. 7,
no. 3, pp. 215–225, 2003.

[61] D. J. Buysse, “Sleep health: Can we define it? does it mat-
ter?”, Sleep, vol. 37, no. 1, pp. 9–17, 2014.

[62] J. Orzeł-Gryglewska, “Consequences of sleep deprivation.”,
International journal of occupational medicine and envi-
ronmental health, 2010.

[63] W. D. Killgore, “Effects of sleep deprivation on cognition”,
Progress in brain research, vol. 185, pp. 105–129, 2010.



BIBLIOGRAPHY 89

[64] P. Maruff, M. G. Falleti, A. Collie, D. Darby, and M. Mc-
Stephen, “Fatigue-related impairment in the speed, accu-
racy and variability of psychomotor performance: Compar-
ison with blood alcohol levels”, Journal of sleep research,
vol. 14, no. 1, pp. 21–27, 2005.

[65] A. D. Krystal and J. D. Edinger, “Measuring sleep quality”,
Sleep medicine, vol. 9, S10–S17, 2008.

[66] L. Zhang and Z.-X. Zhao, “Objective and subjective mea-
sures for sleep disorders”, Neuroscience bulletin, vol. 23,
no. 4, p. 236, 2007.

[67] M. Bruyneel, C. Sanida, G. Art, et al., “Sleep efficiency
during sleep studies: Results of a prospective study com-
paring home-based and in-hospital polysomnography”, Jour-
nal of sleep research, vol. 20, no. 1pt2, pp. 201–206, 2011.

[68] A. Sadeh, “The role and validity of actigraphy in sleep
medicine: An update”, Sleep Medicine Reviews, vol. 15,
no. 4, pp. 259–267, 2011.

[69] F. C. Baker, S. Maloney, and H. S. Driver, “A comparison
of subjective estimates of sleep with objective polysomno-
graphic data in healthy men and women”, Journal of psy-
chosomatic research, vol. 47, no. 4, pp. 335–341, 1999.

[70] Y. S. Bin, “Is sleep quality more important than sleep du-
ration for public health?”, Sleep, vol. 39, no. 9, pp. 1629–
1630, 2016.

[71] M. P. Hoevenaar-Blom, A. M. Spijkerman, D. Kromhout,
J. F. van den Berg, and W. Verschuren, “Sleep duration
and sleep quality in relation to 12-year cardiovascular dis-
ease incidence: The morgen study”, Sleep, vol. 34, no. 11,
pp. 1487–1492, 2011.

[72] L. R. Pinto, M. C. R. Pinto, L. I. Goulart, et al., “Sleep per-
ception in insomniacs, sleep-disordered breathing patients,
and healthy volunteers–an important biologic parameter of
sleep”, Sleep Medicine, vol. 10, no. 8, pp. 865–868, 2009.

[73] T. Åkerstedt, J. Schwarz, G. Gruber, E. Lindberg, and J.
Theorell-Haglöw, “The relation between polysomnography
and subjective sleep and its dependence on age–poor sleep
may become good sleep”, Journal of Sleep Research, vol. 25,
no. 5, pp. 565–570, 2016.



90 BIBLIOGRAPHY

[74] M. K. Means, J. D. Edinger, D. M. Glenn, and A. I. Fins,
“Accuracy of sleep perceptions among insomnia sufferers
and normal sleepers”, Sleep medicine, vol. 4, no. 4, pp. 285–
296, 2003.

[75] E. Björnsdóttir, C. Janson, T. Gíslason, et al., “Insomnia
in untreated sleep apnea patients compared to controls”,
Journal of sleep research, vol. 21, no. 2, pp. 131–138, 2012.

[76] D. Riemann, C. Baglioni, C. Bassetti, et al., “European
guideline for the diagnosis and treatment of insomnia”,
Journal of sleep research, vol. 26, no. 6, pp. 675–700, 2017.

[77] B. F. Boeve, M. Silber, C. Saper, et al., “Pathophysiology
of rem sleep behaviour disorder and relevance to neurode-
generative disease”, Brain, vol. 130, no. 11, pp. 2770–2788,
2007.

[78] M. Manconi, D. Garcia-Borreguero, B. Schormair, et al.,
“Restless legs syndrome”, Nature reviews Disease primers,
vol. 7, no. 1, p. 80, 2021.

[79] M. Hornyak, B. Feige, D. Riemann, and U. Voderholzer,
“Periodic leg movements in sleep and periodic limb move-
ment disorder: Prevalence, clinical significance and treat-
ment”, Sleep medicine reviews, vol. 10, no. 3, pp. 169–177,
2006.

[80] P. E. Peppard, T. Young, J. H. Barnet, M. Palta, E. W. Ha-
gen, and K. M. Hla, “Increased prevalence of sleep-disordered
breathing in adults”, American journal of epidemiology,
vol. 177, no. 9, pp. 1006–1014, 2013.

[81] N. M. Punjabi, “The epidemiology of adult obstructive
sleep apnea”, Proceedings of the American Thoracic So-
ciety, vol. 5, no. 2, pp. 136–143, 2008.

[82] P. J. Strollo Jr and R. M. Rogers, “Obstructive sleep ap-
nea”, New England Journal of Medicine, vol. 334, no. 2,
pp. 99–104, 1996.

[83] A. V. Benjafield, N. T. Ayas, P. R. Eastwood, et al., “Esti-
mation of the global prevalence and burden of obstructive
sleep apnoea: A literature-based analysis”, The Lancet Res-
piratory Medicine, vol. 7, no. 8, pp. 687–698, 2019.



BIBLIOGRAPHY 91

[84] D. A. Pevernagie, B. Gnidovec-Strazisar, L. Grote, et al.,
“On the rise and fall of the apnea- hypopnea index: A his-
torical review and critical appraisal”, Journal of sleep re-
search, vol. 29, no. 4, e13066, 2020.

[85] L. Prochnow, S. Zimmermann, and T. Penzel, “Predic-
tors of obstructive sleep apnea”, Somnologie, vol. 20, no. 2,
pp. 113–118, 2016.

[86] P. Lévy, J.-L. Pépin, P. Mayer, B. Wuyam, and D. Veale,
“Management of simple snoring, upper airway resistance
syndrome, and moderate sleep apnea syndrome”, Sleep,
vol. 19, no. suppl_9, S101–S110, 1996.

[87] N. Mcardle, G. Devereux, H. Heidarnejad, H. M. Engle-
man, T. W. Mackay, and N. J. Douglas, “Long-term use of
cpap therapy for sleep apnea/hypopnea syndrome”, Ameri-
can journal of respiratory and critical care medicine, vol. 159,
no. 4, pp. 1108–1114, 1999.

[88] K. Y. Fridgeirsdottir, C. J. Murphy, A. S. Islind, et al.,
“Effects of exercise and a lifestyle app on sleep-disordered
breathing, physical health, and quality of life”, ERJ Open
Research, 2024.

[89] C. López-Padrós, N. Salord, C. Alves, et al., “Effective-
ness of an intensive weight-loss program for severe osa in
patients undergoing cpap treatment: A randomized con-
trolled trial”, Journal of Clinical Sleep Medicine, vol. 16,
no. 4, pp. 503–514, 2020.

[90] M. Camacho, V. Certal, J. Abdullatif, et al., “Myofunc-
tional therapy to treat obstructive sleep apnea: A sys-
tematic review and meta-analysis”, Sleep, vol. 38, no. 5,
pp. 669–675, 2015.

[91] M. Längkvist, L. Karlsson, and A. Loutfi, “A review of
unsupervised feature learning and deep learning for time-
series modeling”, Pattern Recognition Letters, vol. 42, pp. 11–
24, 2014.

[92] K. Šušmáková, “Human sleep and sleep eeg”, Measurement
science review, vol. 4, no. 2, pp. 59–74, 2004.

[93] P. Halász, “K-complex, a reactive eeg graphoelement of
nrem sleep: An old chap in a new garment”, Sleep medicine
reviews, vol. 9, no. 5, pp. 391–412, 2005.



92 BIBLIOGRAPHY

[94] L. C. Markun and A. Sampat, “Clinician-focused overview
and developments in polysomnography”, Current sleep medicine
reports, pp. 1–13, 2020.

[95] K. Montazeri, S. A. Jonsson, J. S. Agustsson, M. Serwatko,
T. Gislason, and E. S. Arnardottir, “The design of rip belts
impacts the reliability and quality of the measured respi-
ratory signals”, Sleep and Breathing, pp. 1–7, 2021.

[96] M. Hirshkowitz, “Principles and practice of sleep medicine
(sixth edition)”, in M. Kryger, T. Roth, and W. C. De-
ment, Eds., Sixth Edition, Elsevier, 2017, 1564–1566.e3,
isbn: 978-0-323-24288-2.

[97] S. Mostafa, F. Mendonça, F. Morgado-Dias, and A. Ravelo-
García, “SpO2 based sleep apnea detection using deep learn-
ing”, English, INES 2017 - IEEE 21st International Con-
ference on Intelligent Engineering Systems, Proceedings,
vol. 2017, pp. 91–96, 2017.

[98] J. V. Marcos, R. Hornero, D. Alvarez, F. del Campo, M.
López, and C. Zamarrón, “Radial basis function classifiers
to help in the diagnosis of the obstructive sleep apnoea syn-
drome from nocturnal oximetry.”, eng, Medical & biological
engineering & computing, vol. 46, no. 4, pp. 323–332, Apr.
2008.

[99] Z. Li, M. Arvaneh, H. Elphick, R. Kingshott, and L. Mi-
haylova, “A dirichlet process mixture model for autonomous
sleep apnea detection using oxygen saturation data”, En-
glish, Proceedings of 2020 23rd International Conference
on Information Fusion, FUSION 2020, 2020.

[100] M. A. Almarshad, S. Al-Ahmadi, M. S. Islam, A. S. Ba-
Hammam, and A. Soudani, “Adoption of Transformer Neu-
ral Network to Improve the Diagnostic Performance of
Oximetry for Obstructive Sleep Apnea.”, eng, Sensors (Basel,
Switzerland), vol. 23, no. 18, Sep. 2023.

[101] M. Takahashi, N. Sugahara, and M. Shibata, “Towards de-
tecting morning surge from sleep self-evaluations”, English,
Proceedings - International Research Conference on Smart
Computing and Systems Engineering, SCSE 2020, pp. 1–6,
2020.



BIBLIOGRAPHY 93

[102] N. Cooray, Z. Li, J. Wang, et al., “Automated Movement
Detection with Dirichlet Process Mixture Models and Elec-
tromyography”, English, 2022 25th International Confer-
ence on Information Fusion, FUSION 2022, 2022.

[103] M. Shokrollahi and S. Krishnan, “Sleep EMG analysis us-
ing sparse signal representation and classification.”, eng,
Annual International Conference of the IEEE Engineer-
ing in Medicine and Biology Society. IEEE Engineering in
Medicine and Biology Society. Annual International Con-
ference, vol. 2012, pp. 3480–3483, 2012.

[104] M. Daley, K. Diaz, H. Posada-Quintero, Y. Kong, K. Chon,
and J. Bolkhovsky, “Archetypal physiological responses to
prolonged wakefulness”, English, Biomedical Signal Pro-
cessing and Control, vol. 74, 2022.

[105] M. Óskarsdóttir, A. S. Islind, E. August, E. S. Arnardót-
tir, F. Patou, A. M. Maier, et al., “Importance of getting
enough sleep and daily activity data to assess variability:
Longitudinal observational study”, JMIR Formative Re-
search, vol. 6, no. 2, e31807, 2022.

[106] T. Q. Le, C. Cheng, A. Sangasoongsong, W. Wongdhamma,
and S. T. S. Bukkapatnam, “Wireless Wearable Multisen-
sory Suite and Real-Time Prediction of Obstructive Sleep
Apnea Episodes.”, eng, IEEE journal of translational engi-
neering in health and medicine, vol. 1, p. 2 700 109, 2013.

[107] T. Bajkowski, N. Marchal, J. Saied-Walker, et al., “Cohort
Discovery from Bed Sensor Data with Fuzzy Evidence Ac-
cumulation Clustering”, English, IEEE International Con-
ference on Fuzzy Systems, 2023.

[108] C. Köhler, A. Bartschke, D. Fuerstenau, T. Schaaf, and E.
Salgado-Baez, “The value of smartwatches in the health-
care sector: Monitoring, nudging, and predicting (preprint)”,
Journal of Medical Internet Research, Mar. 2024.

[109] V. Ramnath and S. Katkoori, “A Smart IoT System for
Continuous Sleep State Monitoring”, English, Midwest Sym-
posium on Circuits and Systems, vol. 2020, pp. 241–244,
2020.

[110] Q. Pan, D. Brulin, E. Campo, and P. S, “Home sleep moni-
toring based on wrist movement data processing”, English,
Procedia Computer Science, vol. 183, pp. 696–705, 2021.



94 BIBLIOGRAPHY

[111] A. Sebastian, P. Cistulli, G. Cohen, and P. d. Chazal, “A
Preliminary Study of the Automatic Classification of the
Site of Airway Collapse in OSA patients Using Snoring Sig-
nals.”, eng, Annual International Conference of the IEEE
Engineering in Medicine and Biology Society. IEEE Engi-
neering in Medicine and Biology Society. Annual Interna-
tional Conference, vol. 2019, pp. 1592–1595, Jul. 2019.

[112] I. Takao, K. Nishio, T. Kaburagi, S. Kumagai, T. Mat-
sumoto, and Y. Kurihara, “A Home Sleep Apnea State
Monitoring System using a Stacked Autoencoder”, English,
Proceedings of IEEE Sensors, vol. 2019, 2019.

[113] A. Alfeo, P. Barsocchi, M. Cimino, D. La Rosa, F. Palumbo,
and G. Vaglini, “Sleep behavior assessment via smartwatch
and stigmergic receptive fields”, English, Personal and Ubiq-
uitous Computing, vol. 22, no. 2, pp. 227–243, 2018.

[114] S. A. A. Massar, X. Y. Chua, C. S. Soon, et al., “Trait-
like nocturnal sleep behavior identified by combining wear-
able, phone-use, and self-report data.”, eng, NPJ digital
medicine, vol. 4, no. 1, p. 90, Jun. 2021.

[115] S. Bhatlawande and S. Kulkarni, “Residential Monitoring
System for Classification and Recognition of Sleeping Pos-
ture”, English, 2022 2nd International Conference on In-
telligent Technologies, CONIT 2022, 2022.

[116] A. Heinrich, X. Zhao, and G. De Haan, “Multi-distance
motion vector clustering algorithm for video-based sleep
analysis”, English, 2013 IEEE 15th International Confer-
ence on e-Health Networking, Applications and Services,
Healthcom 2013, pp. 223–227, 2013.

[117] N. Koolen, O. Decroupet, A. Dereymaeker, et al., “Au-
tomated respiration detection from neonatal video data”,
English, ICPRAM 2015 - 4th International Conference on
Pattern Recognition Applications and Methods, Proceed-
ings, vol. 2, pp. 164–169, 2015.

[118] K. Zhu, M. Li, S. Akbarian, M. Hafezi, A. Yadollahi, and B.
Taati, “Vision-Based Heart and Respiratory Rate Monitor-
ing During Sleep - A Validation Study for the Population at
Risk of Sleep Apnea.”, eng, IEEE journal of translational
engineering in health and medicine, vol. 7, p. 1 900 708,
2019.



BIBLIOGRAPHY 95

[119] F. Barata, P. Tinschert, F. Rassouli, et al., “Automatic
Recognition, Segmentation, and Sex Assignment of Noc-
turnal Asthmatic Coughs and Cough Epochs in Smart-
phone Audio Recordings: Observational Field Study.”, eng,
Journal of medical Internet research, vol. 22, no. 7, e18082,
Jul. 2020.

[120] Z. Zhang, J. Han, K. Qian, C. Janott, Y. Guo, and B.
Schuller, “Snore-GANs: Improving Automatic Snore Sound
Classification with Synthesized Data”, English, IEEE Jour-
nal of Biomedical and Health Informatics, vol. 24, no. 1,
pp. 300–310, 2020.

[121] R. J. Beeton, I. Wells, P. Ebden, H. B. Whittet, and J.
Clarke, “Snore site discrimination using statistical moments
of free field snoring sounds recorded during sleep nasendoscopy.”,
eng, Physiological measurement, vol. 28, no. 10, pp. 1225–
1236, Oct. 2007.

[122] J. Blanco, L. Hernández, R. Fernández, and D. Ramos,
“Improving Automatic Detection of Obstructive Sleep Ap-
nea Through Nonlinear Analysis of Sustained Speech”, En-
glish, Cognitive Computation, vol. 5, no. 4, pp. 458–472,
2013.

[123] J.-A. Gómez-García, J.-L. Blanco-Murillo, J.-I. Godino-
Llorente, L. Hernández Gómez, and G. Castellanos-Domínguez,
“GMM-based classifiers for the automatic detection of Ob-
structive Sleep Apnea”, English, BIOSIGNALS 2013 - Pro-
ceedings of the International Conference on Bio-Inspired
Systems and Signal Processing, pp. 364–367, 2013.

[124] R. Fernández, J. Blanco, L. Hernández, E. López, J. Al-
cázar, and D. Toledano, “Severe APNOEA detection using
speaker recognition techniques”, English, BIOSIGNALS 2009
- Proceedings of the 2nd International Conference on Bio-
Inspired Systems and Signal Processing, pp. 124–130, 2009.

[125] N. P. Walsh, D. S. Kashi, J. P. Edwards, et al., “Good per-
ceived sleep quality protects against the raised risk of res-
piratory infection during sleep restriction in young adults”,
Sleep, 2022.

[126] C. E. Carney, D. J. Buysse, S. Ancoli-Israel, et al., “The
consensus sleep diary: Standardizing prospective sleep self-
monitoring”, Sleep, vol. 35, no. 2, pp. 287–302, 2012.



96 BIBLIOGRAPHY

[127] L. Schmitz, B. F. Sveinbjarnarson, G. N. Gunnarsson, et
al., “Towards a digital sleep diary standard”, Proceedings
of the Americas Conference on Information Systems (AM-
CIS), Minneappolis, August 9-13, 2022.

[128] R. B. Berry, R. Brooks, C. E. Gamaldo, et al., “AASM
Manual for the Scoring of Sleep and Associated Events”,
American Academy of Sleep Medicine, Amer. Acad. Sleep
Med., Darien, IL, USA, Tech. Rep., 2018, Version 2.5.

[129] E. S. Arnardottir, A. S. Islind, M. Óskarsdottir, et al.,
“The sleep revolution project: The concept and objectives”,
Journal of sleep research, vol. 31, no. 4, e13630, 2022.

[130] B. Kemp, A. Värri, A. C. Rosa, K. D. Nielsen, and J. Gade,
“A simple format for exchange of digitized polygraphic
recordings”, Electroencephalography and clinical neurophys-
iology, vol. 82, no. 5, pp. 391–393, 1992.

[131] U. J. Magalang, N.-H. Chen, P. A. Cistulli, et al., “Agree-
ment in the scoring of respiratory events and sleep among
international sleep centers”, Sleep, vol. 36, no. 4, pp. 591–
596, 2013.

[132] T. Penzel, X. Zhang, and I. Fietze, “Inter-scorer reliability
between sleep centers can teach us what to improve in the
scoring rules”, Journal of Clinical Sleep Medicine, vol. 9,
no. 1, pp. 89–91, 2013.

[133] S. Sarker, S. Chatterjee, X. Xiao, and A. Elbanna, “The
sociotechnical axis of cohesion for the is discipline”, MIS
quarterly, vol. 43, no. 3, 695–A5, 2019.

[134] A. K. Jain, M. N. Murty, and P. J. Flynn, “Data clustering:
A review”, ACM computing surveys (CSUR), vol. 31, no. 3,
pp. 264–323, 1999.

[135] A. Saxena, M. Prasad, A. Gupta, et al., “A review of clus-
tering techniques and developments”, Neurocomputing, vol. 267,
pp. 664–681, 2017.

[136] L. Rokach and O. Maimon, “Clustering methods”, Data
mining and knowledge discovery handbook, pp. 321–352,
2005.



BIBLIOGRAPHY 97

[137] J. A. Hartigan and M. A. Wong, “Algorithm as 136: A k-
means clustering algorithm”, Journal of the royal statistical
society. series c (applied statistics), vol. 28, no. 1, pp. 100–
108, 1979.

[138] J. MacQueen, “Some methods for classification and analy-
sis of multivariate observations”, in Proceedings of the Fifth
Berkeley Symposium on Mathematical Statistics and Prob-
ability, Volume 1: Statistics, University of California press,
vol. 5, 1967, pp. 281–298.

[139] T. Wongsirichot, A. Hanskunatai, B. V, H. D.-S, and P.
P, “A comparative investigation of PSG signal patterns
to classify sleep disorders using machine learning tech-
niques”, English, Lecture Notes in Computer Science (in-
cluding subseries Lecture Notes in Artificial Intelligence
and Lecture Notes in Bioinformatics), vol. 9225, pp. 510–
521, 2015.

[140] S. Mai, S. Amer-Yahia, S. Bailly, et al., “Evolutionary Ac-
tive Constrained Clustering for Obstructive Sleep Apnea
Analysis”, English, Data Science and Engineering, vol. 3,
no. 4, pp. 359–378, 2018.

[141] E.-Y. Ma, J.-W. Kim, Y. Lee, S.-W. Cho, H. Kim, and J.
Kim, “Combined unsupervised-supervised machine learn-
ing for phenotyping complex diseases with its application
to obstructive sleep apnea”, English, Scientific Reports,
vol. 11, no. 1, 2021.

[142] P. Loliencar and G. Heo, “Phenotyping OSA: A time series
analysis using fuzzy clustering and persistent homology”,
English, International Journal of Approximate Reasoning,
vol. 142, pp. 178–195, 2022.

[143] W.-J. Cheng, E. Finnsson, E. Arnardóttir, J. S. Ágústs-
son, S. A. Sands, and L.-W. Hang, “Relationship between
symptom profiles and endotypes among patients with ob-
structive sleep apnea: A latent class analysis”, Annals of
the American Thoracic Society, vol. 20, no. 9, pp. 1337–
1344, 2023.

[144] S. Park, S. W. Lee, S. Han, and M. Cha, “Clustering Insom-
nia Patterns by Data From Wearable Devices: Algorithm
Development and Validation Study.”, eng, JMIR mHealth
and uHealth, vol. 7, no. 12, e14473, Dec. 2019.



98 BIBLIOGRAPHY

[145] X. Wang and Z. Xu, “Automatic Sleep Staging based on
Curriculum Learning Approach”, ICBIP ’19, pp. 1–6, 2019.

[146] M. Bagci, T. Nguyen, and Y. Ozturk, “Ambient Sleep Qual-
ity Analysis with a Machine Learning Model”, English,
ICASSPW 2023 - 2023 IEEE International Conference on
Acoustics, Speech and Signal Processing Workshops, Pro-
ceedings, 2023.

[147] A. Yadollahi and Z. Moussavi, “Formant analysis of breath
and snore sounds.”, eng, Annual International Conference
of the IEEE Engineering in Medicine and Biology Society.
IEEE Engineering in Medicine and Biology Society. An-
nual International Conference, vol. 2009, pp. 2563–2566,
2009.

[148] J. C. Bezdek, R. Ehrlich, and W. Full, “Fcm: The fuzzy
c-means clustering algorithm”, Computers & geosciences,
vol. 10, no. 2-3, pp. 191–203, 1984.

[149] Y. El-Manzalawy, O. Buxton, V. Honavar, et al., “Sleep/wake
state prediction and sleep parameter estimation using un-
supervised classification via clustering”, English, Proceed-
ings - 2017 IEEE International Conference on Bioinfor-
matics and Biomedicine, BIBM 2017, vol. 2017, pp. 718–
723, 2017.

[150] R.-S. Hsiao, T.-X. Chen, M. A. Bitew, C.-H. Kao, and
T.-Y. Li, “Sleeping posture recognition using fuzzy c-means
algorithm.”, eng, Biomedical engineering online, vol. 17,
p. 157, Nov. 2018.

[151] P. Boyraz, M. Acar, and D. Kerr, “Multi-sensor driver
drowsiness monitoring”, English, Proceedings of the Insti-
tution of Mechanical Engineers, Part D: Journal of Auto-
mobile Engineering, vol. 222, no. 11, pp. 1857–1878, 2008.

[152] S. C. Johnson, “Hierarchical clustering schemes”, Psychome-
trika, vol. 32, no. 3, pp. 241–254, 1967.

[153] H. Escola, E. Poiseau, M. Jobert, and P. Gaillard, “Classi-
fication using distance-based segmentation-application to
the analysis of EEG signals”, English, Pattern Recognition
Letters, vol. 12, no. 6, pp. 327–333, 1991.



BIBLIOGRAPHY 99

[154] Y. Amor, L. Rejeb, R. Ferjeni, L. Ben Said, and M. Ben
Cheikh, “Hierarchical Multi-agent System for Sleep Stages
Classification”, English, International Journal on Artificial
Intelligence Tools, vol. 31, no. 5, 2022.

[155] V. Gerla, M. Murgas, A. Mladek, et al., “Hybrid hierar-
chical clustering algorithm used for large datasets: A pilot
study on long-term sleep data”, English, IFMBE Proceed-
ings, vol. 66, pp. 3–7, 2018.

[156] T. Lajnef, S. Chaibi, P. Ruby, et al., “Learning machines
and sleeping brains: Automatic sleep stage classification
using decision-tree multi-class support vector machines.”,
eng, Journal of neuroscience methods, vol. 250, pp. 94–105,
Jul. 2015.

[157] J. Paalasmaa, H. Toivonen, and M. Partinen, “Adaptive
Heartbeat Modeling for Beat-to-Beat Heart Rate Measure-
ment in Ballistocardiograms.”, eng, IEEE journal of biomed-
ical and health informatics, vol. 19, no. 6, pp. 1945–1952,
Nov. 2015.

[158] H.-P. Kriegel, P. Kröger, J. Sander, and A. Zimek, “Density-
based clustering”, Wiley interdisciplinary reviews: data min-
ing and knowledge discovery, vol. 1, no. 3, pp. 231–240,
2011.

[159] E. Schubert, J. Sander, M. Ester, H. P. Kriegel, and X.
Xu, “Dbscan revisited, revisited: Why and how you should
(still) use dbscan”, ACM Transactions on Database Sys-
tems (TODS), vol. 42, no. 3, pp. 1–21, 2017.

[160] Y. Wang, I. Azimi, M. Feli, A. M. Rahmani, and P. Lil-
jeberg, “Personalized Graph Attention Network for Mul-
tivariate Time-series Change Analysis: A Case Study on
Long-term Maternal Monitoring”, SAC ’23, pp. 593–598,
2023.

[161] E. Nasibov, M. Ozgören, G. Ulutagay, A. Oniz, and S. Ko-
caaslan, “On the analysis of BIS stage epochs via fuzzy
clustering.”, eng, Biomedizinische Technik. Biomedical en-
gineering, vol. 55, no. 3, pp. 147–153, Jun. 2010.



100 BIBLIOGRAPHY

[162] Y. Yu, B. Wang, J. Jin, X. Wang, L. Q, and W. L, “Auto-
matic Sleep Stage Classification by a Density - Distance-
Based K - means Clustering Algorithm with Amendments”,
English, Proceedings - 2019 12th International Congress on
Image and Signal Processing, BioMedical Engineering and
Informatics, CISP-BMEI 2019, 2019.

[163] L. Sepulveda-Cano, E. Gil, P. Laguna, and G. Castellanos-
Dominguez, “Selection of nonstationary dynamic features
for obstructive sleep apnoea detection in children”, En-
glish, Eurasip Journal on Advances in Signal Processing,
vol. 2011, 2011.

[164] R. Wei, X. Zhang, J. Wang, and X. Dang, “The research of
sleep staging based on single-lead electrocardiogram and
deep neural network.”, eng, Biomedical engineering letters,
vol. 8, no. 1, pp. 87–93, Feb. 2018.

[165] S. Kim, D. Lee, H. Kwak, and S. Lee, “Towards Domain-
free Transformer for Generalized EEG Pre-training”, En-
glish, IEEE Transactions on Neural Systems and Rehabil-
itation Engineering, pp. 1–1, 2024.

[166] S. S. D. P. Ayyagari, R. D. Jones, and S. J. Weddell, “De-
tection of microsleep states from the EEG: A comparison
of feature reduction methods.”, eng, Medical & biological
engineering & computing, vol. 59, no. 7, pp. 1643–1657,
Aug. 2021.

[167] R. Haidar, I. Koprinska, B. Jeffries, G. T, W. K.W, and L.
M, “Feature learning and data compression of biosignals
using convolutional autoencoders for sleep apnea detec-
tion”, English, Lecture Notes in Computer Science (includ-
ing subseries Lecture Notes in Artificial Intelligence and
Lecture Notes in Bioinformatics), vol. 11953, pp. 162–174,
2019.

[168] D. Dhongade, T. Rao, P. S, P. K, and J. S, “Classification
of sleep disorders based on EEG signals by using feature
extraction techniques with KNN classifier”, English, IEEE
International Conference on Innovations in Green Energy
and Healthcare Technologies - 2017, IGEHT 2017, 2017.

[169] I. Jolliffe, Principal Component Analysis. Wiley Online Li-
brary, 2002.



BIBLIOGRAPHY 101

[170] A. Azarbarzin and Z. M. K. Moussavi, “Automatic and un-
supervised snore sound extraction from respiratory sound
signals.”, eng, IEEE transactions on bio-medical engineer-
ing, vol. 58, no. 5, pp. 1156–1162, May 2011.

[171] M. Zubair, U. M, R. Tripathy, M. Alhartomi, S. Alzahrani,
and S. Ahamed, “Detection of Sleep Apnea from ECG Sig-
nals using Sliding Singular Spectrum based Sub-Pattern
Principal Component Analysis”, English, IEEE Transac-
tions on Artificial Intelligence, pp. 1–10, 2023.

[172] L. M. Sepúlveda-Cano, E. Gil, P. Laguna, and G. Castellanos-
Dominguez, “Sleep apnoea detection in children using PPG
envelope-based dynamic features.”, eng, Annual Interna-
tional Conference of the IEEE Engineering in Medicine
and Biology Society. IEEE Engineering in Medicine and
Biology Society. Annual International Conference, vol. 2011,
pp. 1483–1486, 2011.

[173] A. Fisher, B. Caffo, B. Schwartz, and V. Zipunnikov, “Fast,
Exact Bootstrap Principal Component Analysis for p > 1
million.”, eng, Journal of the American Statistical Associ-
ation, vol. 111, no. 514, pp. 846–860, 2016.

[174] H. Mao, J. Widjaja, Y. Guo, J. Yin, and R. Vinjamuri,
“Finding Robust Low Dimensional Features for Sleep De-
tection Using EEG Data”, English, 2022 IEEE 2nd Inter-
national Conference on Data Science and Computer Ap-
plication, ICDSCA 2022, pp. 42–45, 2022.

[175] C. Metzner, A. Schilling, M. Traxdorf, et al., “Classification
at the accuracy limit: Facing the problem of data ambigu-
ity.”, eng, Scientific reports, vol. 12, no. 1, p. 22 121, Dec.
2022.

[176] A. Hyvärinen, “Independent component analysis: Recent
advances”, Philosophical Transactions of the Royal Soci-
ety A: Mathematical, Physical and Engineering Sciences,
vol. 371, no. 1984, p. 20 110 534, 2013.

[177] Q. Nguyen, T. Le, Q. Vu, et al., “An Algorithm for Re-
moving Artifacts in Polysomnography Signals”, English,
IFMBE Proceedings, vol. 85, pp. 1017–1031, 2022.



102 BIBLIOGRAPHY

[178] R. Sekkal, F. Bereksi-Reguig, N. Dib, et al., “An Approach
to Detecting and Eliminating Artifacts from the Sleep EEG
Signals”, English, Lecture Notes in Computer Science (in-
cluding subseries Lecture Notes in Artificial Intelligence
and Lecture Notes in Bioinformatics), vol. 12108, pp. 155–
160, 2020.

[179] J.-H. Lee, S. Oh, F. A. Jolesz, H. Park, and S.-S. Yoo, “Ap-
plication of independent component analysis for the data
mining of simultaneous Eeg-fMRI: Preliminary experience
on sleep onset.”, eng, The International journal of neuro-
science, vol. 119, no. 8, pp. 1118–1136, 2009.

[180] M. Crespo-Garcia, M. Atienza, and J. L. Cantero, “Muscle
artifact removal from human sleep EEG by using inde-
pendent component analysis.”, eng, Annals of biomedical
engineering, vol. 36, no. 3, pp. 467–475, Mar. 2008.

[181] M. Uchida, W. Chen, T. Nemoto, K. Kitamura, Y. Kane-
mitsu, and D. Wei, “An ICA approach to reject noise from
pressure changes of pillow”, English, Proceedings - The Fourth
International Conference on Computer and Information
Technology (CIT 2004), pp. 916–921, 2004.

[182] Y. S. Lee, P. N. Pathirana, R. J. Evans, and C. L. Stein-
fort, “Separation of Doppler radar-based respiratory signa-
tures.”, eng, Medical & biological engineering & computing,
vol. 54, no. 8, pp. 1169–1179, Aug. 2016.

[183] S. Kotsiantis and D. Kanellopoulos, “Association rules min-
ing: A recent overview”, GESTS International Transac-
tions on Computer Science and Engineering, vol. 32, no. 1,
pp. 71–82, 2006.

[184] R. Agrawal, H. Mannila, R. Srikant, H. Toivonen, A. I.
Verkamo, et al., “Fast discovery of association rules.”, Ad-
vances in knowledge discovery and data mining, vol. 12,
no. 1, pp. 307–328, 1996.

[185] C. Borgelt, “Frequent item set mining”, Wiley interdis-
ciplinary reviews: data mining and knowledge discovery,
vol. 2, no. 6, pp. 437–456, 2012.



BIBLIOGRAPHY 103

[186] Z. Liang, B. Ploderer, M. Martell, T. Nishimura, M.-G. A,
and U.-C. V, “A cloud-based intelligent computing system
for contextual exploration on personal sleep-tracking data
using association rule mining”, English, Communications
in Computer and Information Science, vol. 597, pp. 83–96,
2016.

[187] P. Laxminarayan, S. Alvarez, C. Ruiz, and M. Moonis,
“Mining associations over human sleep time series”, En-
glish, Proceedings - IEEE Symposium on Computer-Based
Medical Systems, pp. 323–325, 2005.

[188] J.-C. Kim and K. Chung, “Mining Based Time-Series Sleep-
ing Pattern Analysis for Life Big-Data”, English, Wireless
Personal Communications, vol. 105, no. 2, pp. 475–489,
2019.

[189] Z. Liang, M. Martell, and T. Nishimura, “Mining hidden
correlations between sleep and lifestyle factors from quantified-
self data”, English, UbiComp 2016 Adjunct - Proceedings of
the 2016 ACM International Joint Conference on Perva-
sive and Ubiquitous Computing, pp. 547–552, 2016.

[190] P. Laxminarayan, S. A. Alvarez, C. Ruiz, and M. Moo-
nis, “Mining statistically significant associations for ex-
ploratory analysis of human sleep data.”, eng, IEEE trans-
actions on information technology in biomedicine : a pub-
lication of the IEEE Engineering in Medicine and Biology
Society, vol. 10, no. 3, pp. 440–450, Jul. 2006.

[191] R. Abeysinghe and L. Cui, “Query-constraint-based min-
ing of association rules for exploratory analysis of clinical
datasets in the National Sleep Research Resource.”, eng,
BMC medical informatics and decision making, vol. 18,
p. 58, Jul. 2018.

[192] M. R. Álvarez, P. Félix, and P. Cariñena, “Discovering met-
ric temporal constraint networks on temporal databases.”,
eng, Artificial intelligence in medicine, vol. 58, no. 3, pp. 139–
154, Jul. 2013.

[193] I. Goodfellow, J. Pouget-Abadie, M. Mirza, et al., “Gener-
ative adversarial networks”, Communications of the ACM,
vol. 63, no. 11, pp. 139–144, 2020.



104 BIBLIOGRAPHY

[194] A. Creswell, T. White, V. Dumoulin, K. Arulkumaran,
B. Sengupta, and A. A. Bharath, “Generative adversarial
networks: An overview”, IEEE signal processing magazine,
vol. 35, no. 1, pp. 53–65, 2018.

[195] A. Salazar, L. Vergara, and G. Safont, “Generative adver-
sarial networks and markov random fields for oversampling
very small training sets”, Expert Systems with Applications,
vol. 163, p. 113 819, 2021.

[196] K. Pillay, A. Dereymaeker, K. Jansen, G. Naulaers, S. Van
Huffel, and M. De Vos, “Automated eeg sleep staging in
the term-age baby using a generative modelling approach”,
Journal of neural engineering, vol. 15, no. 3, p. 036 004,
2018.

[197] C. A. Loza and J. C. Principe, “The generalized sleep
spindles detector: A generative model approach on single-
channel eegs”, in Advances in Computational Intelligence:
15th International Work-Conference on Artificial Neural
Networks, IWANN 2019, Gran Canaria, Spain, June 12-
14, 2019, Proceedings, Part I 15, Springer, 2019, pp. 127–
138.

[198] C.-E. Kuo, T.-H. Lu, G.-T. Chen, and P.-Y. Liao, “Towards
precision sleep medicine: Self-attention gan as an innova-
tive data augmentation technique for developing personal-
ized automatic sleep scoring classification”, Computers in
Biology and Medicine, vol. 148, p. 105 828, 2022.

[199] C. Loza, J. Principe, J. G, R. I, and C. A, “The Gener-
alized Sleep Spindles Detector: A Generative Model Ap-
proach on Single-Channel EEGs”, English, Lecture Notes
in Computer Science (including subseries Lecture Notes in
Artificial Intelligence and Lecture Notes in Bioinformat-
ics), vol. 11506, pp. 127–138, 2019.

[200] T. Takeda, O. Mizuno, and T. Tanaka, “Time-dependent
sleep stage transition model based on heart rate variabil-
ity.”, eng, Annual International Conference of the IEEE
Engineering in Medicine and Biology Society. IEEE Engi-
neering in Medicine and Biology Society. Annual Interna-
tional Conference, vol. 2015, pp. 2343–2346, 2015.



BIBLIOGRAPHY 105

[201] C. M. Fernandes, A. Mora, J. J. Merelo, F. Fernández,
and A. Rosa, “Generating colored 2-dimensional represen-
tations of sleep EEG with the KANTS clustering algo-
rithm”, GECCO ’12, pp. 435–442, 2012.

[202] V. Chandola, A. Banerjee, and V. Kumar, “Anomaly detec-
tion for discrete sequences: A survey”, IEEE transactions
on knowledge and data engineering, vol. 24, no. 5, pp. 823–
839, 2010.

[203] G. Pang, C. Shen, L. Cao, and A. V. D. Hengel, “Deep
learning for anomaly detection: A review”, ACM Comput-
ing Surveys (CSUR), vol. 54, no. 2, pp. 1–38, 2021.

[204] S. Agrawal and J. Agrawal, “Survey on anomaly detection
using data mining techniques”, Procedia Computer Science,
vol. 60, pp. 708–713, 2015.

[205] H. Wang, A. Li, T. Chen, J. Liu, and S. Y, “Study on be-
havioral risk for aging based on smart mattress monitor-
ing data”, English, Procedia Computer Science, vol. 221,
pp. 1276–1283, 2023.

[206] A. Gasmi, V. Augusto, J. Faucheu, C. Morin, and X. Ser-
paggi, “Anomaly Detection in Sleep Habits Using Deep
Learning”, English, IEEE International Conference on Au-
tomation Science and Engineering, vol. 2023, 2023.

[207] J.-J. Chung and H.-J. Kim, “An automobile environment
detection system based on deep neural network and its im-
plementation using iot-enabled in-vehicle air quality sen-
sors”, English, Sustainability (Switzerland), vol. 12, no. 6,
2020.

[208] K. Fujiwara, E. Abe, K. Kamata, et al., “Heart Rate Variability-
Based Driver Drowsiness Detection and Its Validation With
EEG.”, eng, IEEE transactions on bio-medical engineering,
vol. 66, no. 6, pp. 1769–1778, Jun. 2019.

[209] A. Caroppo, A. Leone, G. Rescio, et al., “Multi-sensor plat-
form for detection of anomalies in human sleep patterns”,
English, Lecture Notes in Electrical Engineering, vol. 431,
pp. 276–285, 2018.

[210] L. Rabiner and B. Juang, “An introduction to hidden markov
models”, ieee assp magazine, vol. 3, no. 1, pp. 4–16, 1986.



106 BIBLIOGRAPHY

[211] S. R. Eddy, “What is a hidden markov model?”, Nature
biotechnology, vol. 22, no. 10, pp. 1315–1316, 2004.

[212] J. Kohlmorgen, K.-R. Müllerc, and K. Pawelzik, “Analysis
of drifting dynamics with neural network hidden markov
models”, English, Advances in Neural Information Process-
ing Systems, pp. 735–741, 1998.

[213] S. Alvarez and C. Ruiz, “Collective probabilistic dynami-
cal modeling of sleep stage transitions”, English, BIOSIG-
NALS 2013 - Proceedings of the International Conference
on Bio-Inspired Systems and Signal Processing, pp. 209–
214, 2013.

[214] F. Mendonça, S. Mostafa, F. Morgado-Dias, and A. Ravelo-
García, “Cyclic alternating pattern estimation based on a
probabilistic model over an EEG signal”, English, Biomed-
ical Signal Processing and Control, vol. 62, 2020.

[215] E. Eldele, M. Ragab, Z. Chen, et al., “ADAST: Atten-
tive Cross-Domain EEG-Based Sleep Staging Framework
With Iterative Self-Training”, English, IEEE Transactions
on Emerging Topics in Computational Intelligence, vol. 7,
no. 1, pp. 210–221, 2023.

[216] D.-R. Gao, J. Li, M.-Q. Wang, L.-T. Wang, and Y.-Q.
Zhang, “Automatic sleep staging of single-channel EEG
based on domain adversarial neural networks and domain
self-attention.”, eng, Frontiers in neuroscience, vol. 17, p. 1 143 495,
2023.

[217] Z. He, M. Tang, P. Wang, et al., “Cross-scenario automatic
sleep stage classification using transfer learning and single-
channel EEG”, English, Biomedical Signal Processing and
Control, vol. 81, 2023.

[218] E. R. M. Heremans, H. Phan, P. Borzée, B. Buyse, D.
Testelmans, and M. De Vos, “From unsupervised to semi-
supervised adversarial domain adaptation in electroencephalography-
based sleep staging.”, eng, Journal of neural engineering,
vol. 19, no. 3, Jun. 2022.

[219] W. Qu, C.-H. Kao, H. Hong, et al., “Single-channel EEG
based insomnia detection with domain adaptation”, En-
glish, Computers in Biology and Medicine, vol. 139, 2021.



BIBLIOGRAPHY 107

[220] C. Yoo, H. Lee, and J.-W. Kang, “Transferring Structured
Knowledge in Unsupervised Domain Adaptation of a Sleep
Staging Network”, English, IEEE Journal of Biomedical
and Health Informatics, vol. 26, no. 3, pp. 1273–1284, 2022.

[221] Y. Luo, Y. Zheng, H. Shao, L. Zhang, and L. Li, “TU-
DAMatch: Time-Series Unsupervised Domain Adaptation
for Automatic Sleep Staging”, English, International IEEE/EMBS
Conference on Neural Engineering, NER, vol. 2023, 2023.

[222] R. Zhao, Y. Xia, and Y. Zhang, “Unsupervised sleep stag-
ing system based on domain adaptation”, English, Biomed-
ical Signal Processing and Control, vol. 69, 2021.

[223] J. Fan, H. Zhu, X. Jiang, et al., “Unsupervised Domain
Adaptation by Statistics Alignment for Deep Sleep Staging
Networks”, English, IEEE Transactions on Neural Systems
and Rehabilitation Engineering, vol. 30, pp. 205–216, 2022.

[224] G. Bazoukis, S. C. Bollepalli, C. T. Chung, et al., “Ap-
plication of artificial intelligence in the diagnosis of sleep
apnea”, Journal of Clinical Sleep Medicine, vol. 19, no. 7,
pp. 1337–1363, 2023.

[225] X. Li, Y. Gong, X. Jin, and P. Shang, “Sleep posture recog-
nition based on machine learning: A systematic review”,
Pervasive and Mobile Computing, vol. 90, p. 101 752, 2023.

[226] H. Alsolai, S. Qureshi, S. M. Z. Iqbal, et al., “A system-
atic review of literature on automated sleep scoring”, IEEE
Access, vol. 10, pp. 79 419–79 443, 2022.

[227] G. C. Gutiérrez-Tobal, D. Álvarez, L. Kheirandish-Gozal,
F. Del Campo, D. Gozal, and R. Hornero, “Reliability of
machine learning to diagnose pediatric obstructive sleep
apnea: Systematic review and meta-analysis”, Pediatric pul-
monology, vol. 57, no. 8, pp. 1931–1943, 2022.

[228] R. K. Yin, Case study research: Design and methods. sage,
2009, vol. 5.

[229] M. T. Pham, A. Rajić, J. D. Greig, J. M. Sargeant, A.
Papadopoulos, and S. A. McEwen, “A scoping review of
scoping reviews: Advancing the approach and enhancing
the consistency”, Research synthesis methods, vol. 5, no. 4,
pp. 371–385, 2014.



108 BIBLIOGRAPHY

[230] A. C. Tricco, E. Lillie, W. Zarin, et al., “Prisma extension
for scoping reviews (prisma-scr): Checklist and explana-
tion”, Annals of internal medicine, vol. 169, no. 7, pp. 467–
473, 2018.

[231] L. Biedebach, Unsupervised machine learning in sleep re-
search - a scoping review protocol, Jul. 2024. [Online]. Avail-
able: osf.io/42zrb.

[232] G. N. Pires, E. S. Arnardóttir, J. M. Saavedra, S. Tufik,
and W. T. McNicholas, “Search filters for systematic re-
views and meta-analyses in sleep medicine”, Sleep Medicine,
2025.

[233] K. Pearson, “Liii. on lines and planes of closest fit to sys-
tems of points in space”, The London, Edinburgh, and Dublin
philosophical magazine and journal of science, vol. 2, no. 11,
pp. 559–572, 1901.

[234] Z. Shahid, S. Saguna, and C. Ahlund, “Recognizing Long-
term Sleep Behaviour Change using Clustering for Elderly
in Smart Homes”, English, ISC2 2022 - 8th IEEE Interna-
tional Smart Cities Conference, 2022.

[235] J. N. Acosta, G. J. Falcone, P. Rajpurkar, and E. J. Topol,
“Multimodal biomedical ai”, Nature medicine, vol. 28, no. 9,
pp. 1773–1784, 2022.

[236] S. Fenton, S. Low, K. Abrams, and K. Butler-Henderson,
“Health information management: Changing with time”,
Yearbook of medical informatics, vol. 26, no. 01, pp. 72–77,
2017.

[237] R. Bouderhem, “Privacy and regulatory issues in wearable
health technology”, Engineering Proceedings, vol. 58, no. 1,
p. 87, 2023.

[238] E. Vayena, A. Blasimme, and I. G. Cohen, “Machine learn-
ing in medicine: Addressing ethical challenges”, PLoS medicine,
vol. 15, no. 11, e1002689, 2018.

[239] S. Canali, V. Schiaffonati, and A. Aliverti, “Challenges and
recommendations for wearable devices in digital health:
Data quality, interoperability, health equity, fairness”, PLOS
Digital Health, vol. 1, no. 10, e0000104, 2022.

osf.io/42zrb


BIBLIOGRAPHY 109

[240] M. E. Salwei and P. Carayon, “A sociotechnical systems
framework for the application of artificial intelligence in
health care delivery”, Journal of cognitive engineering and
decision making, vol. 16, no. 4, pp. 194–206, 2022.

[241] T. J. Loftus, B. Shickel, J. A. Balch, et al., “Phenotype
clustering in health care: A narrative review for clinicians”,
Frontiers in artificial intelligence, vol. 5, p. 842 306, 2022.

[242] A. M. Rahmani, E. Yousefpoor, M. S. Yousefpoor, et al.,
“Machine learning (ml) in medicine: Review, applications,
and challenges”, Mathematics, vol. 9, no. 22, p. 2970, 2021.

[243] A. Smiti, “When machine learning meets medical world:
Current status and future challenges”, Computer Science
Review, vol. 37, p. 100 280, 2020.

[244] F. D. Davis, “Perceived usefulness, perceived ease of use,
and user acceptance of information technology”, MIS quar-
terly, pp. 319–340, 1989.

[245] S. I. Lambert, M. Madi, S. Sopka, et al., “An integrative
review on the acceptance of artificial intelligence among
healthcare professionals in hospitals”, NPJ Digital Medicine,
vol. 6, no. 1, p. 111, 2023.

[246] K. Rasheed, A. Qayyum, M. Ghaly, A. Al-Fuqaha, A. Razi,
and J. Qadir, “Explainable, trustworthy, and ethical ma-
chine learning for healthcare: A survey”, Computers in Bi-
ology and Medicine, vol. 149, p. 106 043, 2022.

[247] Y. Xie, G. Gao, and X. Chen, “Outlining the design space
of explainable intelligent systems for medical diagnosis”,
arXiv preprint arXiv:1902.06019, 2019.

[248] A. Shaban-Nejad, M. Michalowski, J. S. Brownstein, and
D. L. Buckeridge, “Guest editorial explainable ai: Towards
fairness, accountability, transparency and trust in health-
care”, IEEE Journal of Biomedical and Health Informatics,
vol. 25, no. 7, pp. 2374–2375, 2021.

[249] M. Kahng, N. Thorat, D. H. P. Chau, F. B. Viégas, and
M. Wattenberg, “GAN Lab: Understanding Complex Deep
Generative Models using Interactive Visual Experimenta-
tion”, IEEE Transactions on Visualization and Computer
Graphics, vol. 25, no. 1, pp. 310–320, 2019, issn: 19410506.
arXiv: 1809.01587.

https://arxiv.org/abs/1809.01587


110 BIBLIOGRAPHY

[250] E. Werner, J. N. Clark, A. Hepburn, et al., “Explainable hi-
erarchical clustering for patient subtyping and risk predic-
tion”, Experimental Biology and Medicine, vol. 248, no. 24,
pp. 2547–2559, 2023.

[251] S. S. Band, A. Yarahmadi, C.-C. Hsu, et al., “Application
of explainable artificial intelligence in medical health: A
systematic review of interpretability methods”, Informatics
in Medicine Unlocked, vol. 40, p. 101 286, 2023.

[252] D. Hazra and Y.-C. Byun, “Synsiggan: Generative adver-
sarial networks for synthetic biomedical signal generation”,
Biology, vol. 9, no. 12, p. 441, 2020.

[253] A. Sharma, A. Lysenko, S. Jia, K. A. Boroevich, and T.
Tsunoda, “Advances in ai and machine learning for predic-
tive medicine”, Journal of Human Genetics, vol. 69, no. 10,
pp. 487–497, 2024.

[254] H. Guan, L. Wang, and M. Liu, “Multi-source domain
adaptation via optimal transport for brain dementia iden-
tification”, in 2021 IEEE 18th International Symposium on
Biomedical Imaging (ISBI), IEEE, 2021, pp. 1514–1517.

[255] U. Lundberg, “Stress, subjective and objective health”, In-
ternational Journal of Social Welfare, vol. 15, S41–S48,
2006.

[256] P. D. Cleary, Subjective and objective measures of health:
Which is better when?, 1997.

[257] R. Miotto, L. Li, B. A. Kidd, and J. T. Dudley, “Deep pa-
tient: An unsupervised representation to predict the future
of patients from the electronic health records”, Scientific
reports, vol. 6, no. 1, p. 26 094, 2016.



Appendix A

Publication I

111



SLEEP, 2024, pp. 1–38

doi: xxx
Advance Access Publication Date: Day Month Year

Unsupervised Machine Learning in Sleep Research:
A Scoping Review
Luka Biedebach,1,2,⇤ Daniela Ferreira-Santos,3,4 Marie-Ange Stefanos,5
Alva Lindhagen,6 Gabriel Natan Pires,7 Erna Sif Arnardóttir1,2

and Anna Sigridur Islind1

1Department of Computer Science, Reykjavik University, Iceland, 2Reykjavik University Sleep Institute, Reykjavik University, Reykjavik,
Iceland, 3Department of Medical Physics, University of Eastern Finland, Kuopio, Finland, 4INESC TEC, Universidade do Porto, Porto,
Portugal, 5Computer Science Department, Université Paris-Cité, Paris, France, 6Department of Computer Science, Umeå University,
Umeå, Sweden and 7Departmento de Psicobiologia, Universidade Federal de São Paulo, Sāo Paulo, Brazil
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Abstract
Study Objectives: Unsupervised machine learning —an approach that identifies patterns and structures within data
without relying on manual labeling— has demonstrated remarkable success in various domains of sleep research. This
underscores the broader utility of machine learning, suggesting that its capabilities extend beyond current applications
and warrant further exploration for novel insights in sleep studies, focusing specifically on unsupervised machine learning.
Methods: This paper outlines a scoping review conducted according to the PRISMA guidelines for scoping reviews. A
comprehensive search covering various search terms focusing on the intersection between unsupervised machine learning
and sleep led to 3960 publications. After screening all titles and abstracts with two independent reviewers, ultimately,
356 publications were included in the full-text review. The data extracted from the full-texts included information about
the machine learning methods and types of sleep data, as well the the study population.
Results: There has been a steep increase in the number of publications in this research area in the past 10 years. Clustering
is the most commonly used method, but other methods are gaining popularity. Apart from classical polysomnography, data
from wearable devices, nearables, video, audio, and medical imaging techniques have been used as input to unsupervised
machine learning. The broad search allowed us to explore various applications within sleep research ranging from the
general population to populations with various sleep disorders.
Conclusion: The review mapped existing research on unsupervised learning in sleep research, identified gaps in the
literature, and derived directions for future research.

Key words: Unsupervised Machine Learning, Sleep, Scoping Review

Statement of Significance
Sleep is a transdisciplinary research field. With the rise of unsupervised machine learning and its emergence in sleep research,
there is a pressing need to cultivate a mutual understanding across disciplinary boundaries to curate meaningful applications of
unsupervised machine learning. This scoping review aims to serve as a foundation to facilitate collaboration across disciplines
and ultimately contribute to the elevation of sleep research, by identifying novel ways of applying unsupervised machine
learning.

Introduction
Driven by recent advancements in technology, sleep scientists
now have the tools to measure and analyze sleep in
unprecedented depth and precision. Both supervised and
unsupervised machine learning models can take part of the
credit for these developments. While supervised learning
tends to receive more attention due to its high prediction

accuracy, unsupervised machine learning offers a powerful set
of techniques, particularly valuable in the medical field, where
it can be difficult or expensive to acquire manual labels.
LeCun, Bengio, and Hinton predicted in their 2015 review
that unsupervised machine learning would gain importance in
the long term, as this way of learning from data is similar
to the natural learning process of humans and animals [1].
These methods are often overshadowed by supervised machine

© The Author 2024. Published by Oxford University Press. All rights reserved. For permissions, please e-mail:
journals.permissions@oup.com
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learning, even though current research is rapidly turning
the gaze toward unsupervised machine learning. Examples
of breakthroughs based on unsupervised machine learning in
recent years are generative models, which gained a lot of
attention for creating realistic images, videos, and music [2].
Other forms of unsupervised learning have been used to train
large language models, such as Bert and Chat-GPT, which learn
from vast amounts of text data without specific labels, enabling
them to generate human-like text [3]. These models have also
been applied in the medical context [4]. Based on this overall
rising interest in unsupervised machine learning, the question of
its contribution to sleep research should be raised. We identified
seven existing literature reviews on machine learning in sleep
research, and even though they give valuable insights, most of
them focus on supervised machine learning models, as can be
seen in Table 1.

Table 1. Existing literature reviews about machine learning in sleep
research and the number of publications using unsupervised machine
learning in each review.

Reference Review Topic # of Reviews
Bazoukis et al [5] OSA 3 of 132
Salari et al. [6] OSA 3 of 48
Ferreira-Santos et al. [7] OSA 0 of 63
Gutierrez et al. [8] Pediatric OSA 0 of 19
Li et al. [9] Sleep Positions 3 of 27
Sri et al. [10] Sleep Staging 1 of 19
Alsolai et al. [11] Sleep Staging 13 of 157

Multiple papers review how machine learning is used to
diagnose obstructive sleep apnea (OSA) [5–8]. Li et al. [9]
reviewed the automatic recognition of sleep postures using
different machine learning approaches. Multiple publications,
e.g., [10, 11], provide literature reviews on the most common

application of machine learning within sleep research: the
automatic scoring of sleep stages. While these reviews give
important insights into their respective field, they are mostly
focused on the use of supervised machine learning, and no
systematic review has been published addressing the use of
unsupervised machine learning in sleep research. We aimed
to create a holistic view of machine learning in sleep research
by covering different kinds of unsupervised machine learning
methods and sleep data. By addressing both the methodological
breadth and the wide variety of potential use cases within
sleep research, this scoping review provides a comprehensive
summary of how unsupervised machine learning can be used to
advance sleep research.

In the following sections, we will first explain unsupervised
machine learning and its significance for sleep research. Then,
the most relevant concepts and methods related to unsupervised
machine learning will be explained using examples from sleep
research. In the method section, we will describe the process of
conducting the scoping review, including the search strategy,
the inclusion and exclusion criteria, the study selection, and
data extraction. Thereafter, we present the results of the review
with an overview of all included papers and then analyze the
publications based on their different applications within sleep
research.

Background
Machine learning is a field of study that allows computers
to learn from data. Learning in this context means creating
an internal model of the data, which can be used to
identify patterns or make predictions about new data. There
are two main approaches to achieve this: supervised and
unsupervised machine learning. Supervised machine learning
relies on labeled data, e.g., polysomnography (PSGs) with
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manual sleep scoring, for training a model and making
predictions. Unsupervised machine learning, on the other hand,
uses unlabeled data, e.g., PSGs that have not been scored.
Therefore, unsupervised machine learning can infer patterns
within data without reference to known or labeled outcomes
[12]. The unlabeled training of unsupervised machine learning
models does include various methods such as clustering,
dimensionality reduction, anomaly detection, and association
rule learning [13]. Furthermore, different generative models
can be considered as unsupervised machine learning [14].
Summarizing from multiple resources [12, 15] we derive the
following definition:

Definition of unsupervised machine learning:
Every machine learning method that does not rely on labeled
data.

Another form of machine learning, which is closely related
to unsupervised machine learning, is self-supervised machine
learning [16]. This method trains on input-output pairs similar
to supervised learning but generates the labels automatically
based on the input data [17]. The last form of machine learning
included in this review is semi-supervised learning [18], which
can be seen as a mix of supervised and unsupervised learning
[19]. This learning approach uses a small amount of labeled
data to guide the unsupervised learning process. To cover all
the different ways of training a machine learning model without
labels, we also included publications that apply self-supervised
learning and semi-supervised learning in the review.

The strength of these machine learning methods lies in their
independence from manual labels. Especially in sleep research,
refraining from using manual labels in sleep staging is desirable
for three reasons: (i) manual labels require time-intensive work
from a highly skilled professional, (ii) manual labels can have
high inter-scorer variability [20–22], and (iii) training on these
manual labels will not find new insights but replicate the rules
developed by Rechtschaffen and Kales [23] they are based on.
Even though these rules are the accepted standard in sleep
scoring [24], they are limited by oversimplification as described
by Himanen and Hasan [25]. Therefore, it would be desirable to
use methods in sleep research, which are not dependent on these
labels. Although unsupervised machine learning shows immense
potential for sleep research, there is a gap in the literature
concerning a review providing a comprehensive overview of the
literature published to date outlining the intersection between
unsupervised machine learning and sleep research. For this
reason, we aimed to review the entire body of literature
existing on unsupervised machine learning in sleep research.
This scoping review has the following objectives:

1. To provide understanding and guidance in the diverse
landscape of machine learning methods

2. To investigate and map the current application of
unsupervised machine learning in sleep research both by
learning method and data type.

3. To identify potentials for future research based on gaps
in the literature and the temporal progression of research
trends

In the following sections, we will explain the core methods
of unsupervised machine learning. This way, we aim to provide
the technological background knowledge to understand the
application of unsupervised machine learning in the context of
sleep research.

Clustering
The core concept of clustering is identifying groups of elements
that are more similar to each other than to the rest of all
elements. In the context of sleep research, for example, we
could create clusters of similar patients or clusters of similar
epochs in sleep staging. In the example of OSA phenotyping,
the elements are OSA patients, and the clusters are phenotypes
[26]. The important property of clustering, which makes it
an unsupervised learning method, is that the labels of these
clusters do not need to be known prior to the clustering
[27]. The forming of clusters happens only based on the
characteristics of each element. In the OSA example, the
characteristics of the elements could, e.g., be sleep parameters
like the Apnea-Hypopnea Index (AHI) and sleep efficiency. The
way these characteristics are used to group similar elements
varies between clustering methods [28]. To understand the
methods, it is helpful to imagine the elements as points in
a coordinate system, where the x and y axis represent two
characteristics, as can be seen in Figure 1a).

Fig. 1. Examples of Clustering Methods

Partition-based Clustering:
In this method, the data is divided into distinct groups. The
most common strategy for finding these groups is called K-
Means, where the number of groups, which is referred to as K,
is defined beforehand [29]. Then, K randomly generated data
points representing the center of a cluster called centroids, are
created, and each element is assigned to the centroid with the
most similar characteristics as can be seen in Figure 1b). This
way, the initial clustering is set, which will then be refined in
an optimization process. The similarity between all elements in
a cluster and the distance to other centroids is calculated and
adjusted until an optimum is found. A very popular variation
of K-Means, which is often used in sleep staging, is Fuzzy C
Means, which works by similar principles but gives each data
point a probability of belonging to each cluster [30].

Hierarchical Clustering:
This method builds a tree-like structure of clusters, where
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clusters are merged or split step-by-step [31]. The most
common way of building this structure is called Agglomerative
Clustering, where, at first, each element is treated as a separate
cluster. Then, the two most similar clusters are identified and
merged. This process can be repeated until only one cluster,
including all elements, is left. Figure 1c) visualized hierarchical
clusters up to the 4 biggest clusters. It is a useful method when
the number of clusters is not known beforehand, as it allows
us to explore various grouping levels. In some applications, the
tree structure, which is called a Dendrogram, reveals important
information about the elements and the hierarchy between
them.

Density-based Clustering:
Clusters are formed based on the density of neighboring data
points [32]. An example of density-based clustering can be seen
in Figure 1d). Before the clustering, we need to define: (i)
the minimum similarity of two points to be considered in the
neighborhood of each other and (ii) the minimum number of
points that have to be in a neighborhood to consider it as
densely populated. Then each element can be categorized as
a core point, which fulfills the minimum number of points in
their neighborhood, as a border point, which has one other
element in their neighborhood, or as a noise point, which has no
other element in their neighborhood. Based on these categories,
borders between clusters and points that do not belong to any
cluster can be defined. The most common implementation of
this method is Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) [33]. This clustering method is useful
when the data contains noise or outliers.

Dimensionality Reduction
In sleep research, we often deal with complex data types.
A PSG, e.g., captures sleep simultaneously using various
biosignals, each often with over one hundred measurements per
second. As for humans, this complex data can be a challenge
for some machine learning methods. The goal of dimensionality
reduction is to reduce the complexity of data while still
preserving the most important information [34]. Dimensionality
reduction can be useful to visualize data, remove noise and
minimize storage space and computing time. Furthermore,
applying dimensionality reduction to data before using it
with other machine learning methods can improve the model
performance. Common methods for dimensionality reduction
are Principal Component Analysis (PCA), Independent
Component Analysis (ICA), and Autoencoders.

Principal Component Analysis:
PCA transforms the original data into a new set of dimensions,
which are referred to as the principal components [35]. The new
components are combinations of the original features that aim
to capture the largest possible variance within the data. The
components are sorted by how much variance within the data
they capture. This method is used to reduce the dimensionality
of data by keeping only a subset of the components.

Independent Component Analysis:
ICA aims to identify and separate independent sources [36].
It is important to mention, that even though the names
sound similar, ICA and PCA have different goals and different
underlying methods. While PCA aims to combine data into
meaningful components, ICA aims to separate data into
meaningful components. The key assumption of ICA is the

independence of these different sources and that these sources
are non-Gaussian. An example of a signal which consists
of separate components is the electroencephalography (EEG)
signal. It combines the activity arising from different processes
in the brain, as well as other processes that may be included in
the signal, such as movement or cardiac artifacts. ICA is often
used in sleep research to preprocess EEG signals.

Autoencoder:
Autoencoders are a type of neural network that consists of an
encoder and a decoder [1]. Figure 2 shows this architecture. On
the left side, we can see the input data for the neural network.
In this example, the input data are 10-second sequences of a
single-channel sleep EEG. Since EEG is typically sampled at a
frequency of 200 Hz or higher, each input signal would have a
dimensionality of (1,3000). The encoder compresses the data
into a smaller dimensionality. The data is forwarded through
multiple layers of neurons, which learn a representation of the
data. When the data has passed all layers of the network and
is compressed to the desired size, it is saved in its new low-
dimensional representation. In the example in Figure 2 we
reduced each EEG sequence to only two values.

Fig. 2. Architecture of an Autoencoder

We can think of this latent space as a coordinate system,
where the two axes represent the two most important features
the network identified. These features are abstract but may
represent natural features such as amplitude and frequency
in this EEG example. Therefore, in the center of the neural
network, the bottleneck, the data in our example, will only
have a dimensionality of (1,2). The data will then be forwarded
to the decoder, where it will be layer-by-layer brought back
to its original dimensionality. The output of the model, the
reconstructed data, will then be compared to the original data.
The difference between the original and the reconstructed data
is called the reconstruction error and is used as an optimization
metric to train the neural network. The data will be passed
through the network many times, and in each round, the
neurons will be adjusted to reconstruct the data as accurately
as possible.

Association Rule Mining
Association rule mining is a machine learning method for
discovering relationships between items in a data set based on
their co-occurrence [37]. Items that often co-occur are called
frequent item sets and are used to identify rules. These rules
have an if-then structure, i.e., if item x occurs, then it is very
likely that item y will occur as well. In this one-directional
relationship, the first item is called the antecedent, and the
second item, which is likely to occur as well, is called the
consequent. An example would be a dataset with sleep diary
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entries including information about sleep quality and sleep
hygiene. The items in this data set would be, for example,
screen time, naps, or caffeine intake, and they would be co-
occurring if they belong to the same night. The association
rules derived from this data set could then be, for example, if
caffeine intake was high, then it is likely that sleep quality is
low. In this rule example, the antecedent is caffeine intake, and
the consequent is sleep quality. These rules are generated based
on three metrics which can be calculated for any combination
of items:

• Support: Measures how often items co-occur, i.e., how
many diary entries mention both high caffeine intake and
low sleep quality among all diary entries.

• Confidence: Measures how often the consequent occurs
among all occurrences of the antecedent, i.e., in how many
entries low sleep quality is mentioned among all entries that
mention high caffeine intake.

• Lift: Measures the strength of the association rule by
comparing the likelihood of the rule to the random chance
of co-occurrence.

The most common method of discovering association rules
is the apriori algorithm [38]. First, frequent item sets need to
be identified, and then rules on the directional relationships
between these items can be derived. Beforehand we need to set
a minimum support defining how often a set of items needs
to appear to be considered a frequent item set. Frequent item
sets are found by calculating the support of every possible
combination of two items. All item sets that fulfill the minimum
support will be saved. Then, gradually, more items will be
added to the saved sets, and only the ones that fulfill the
minimum support will be saved and further tested. This process
continues until no more frequent item sets can be found. Then,
the association rules are found by calculating the confidence
for all possible association rules within a frequent item set
and retaining only rules that meet the minimum confidence.
Finally, the lift is used to filter significant association rules from
association rules that are only coincidental.

Generative Models
Generative models learn patterns in data to generate new
but similar data. There are both supervised and unsupervised
generative models. Popular unsupervised generative models are
General Adversarial Models (GANs) [39]. This unsupervised
machine learning model consists of two components, the
generator and the discriminator. The generator receives real
data as an input and learns to generate artificial data. The
discriminator receives both real and artificial data and learns
how to distinguish between them. Both parts of the model are
optimized simultaneously, which allows them to leverage each
other. The generator learns to create more and more realistic
new data and the discriminator becomes a more and more
critical reviewer in each optimization round.

Hidden Markov Model
A Hidden Markov Model (HMM) is a method that uses an
observed sequence to predict an unknown sequence [40]. The
unknown sequence is assumed to be a markov chain, a sequence
of states, where the probability of the following state is only
based on the current state. An example could be sleep staging,
where the unknown sequence is the sleep stages, and the
observed sequence is the EEG. HMMs furthermore work with

transition probabilities. Based on the given data, they calculate
the probability of each state to move into any other state. This
way, the HMM considers the sequential nature of the data [41].

Unsupervised Anomaly Detection
In anomaly detection, we distinguish between normal and
anomalous data. Typically, the majority of data is normal, and
the minority of data is anomalous [42]. With anomalous, we
refer to data points that are significantly different from the
normal. In respiratory data, for example, an anomaly could
be coughing with extreme deflections in the signal. However,
not all anomalies have to be extreme values. A data point
can also be anomalous, with values in a normal range but in
an unusual context. For example, OSA patients might switch
to paradoxical breathing during an airway obstruction. The
abdomen signal itself is not unusual, but in the context of the
thorax signal, it is anomalous. There are different unsupervised
anomaly detection methods, many of them relying on the
clustering and dimensionality reduction concepts discussed in
the previous section [43]. The density-based clustering method
DBSCAN can, for example, be used where points in low-density
areas are considered anomalous. Furthermore, the autoencoder
can be used where the data points with a high reconstruction
error are considered anomalous [44].

Method
Scoping Review
Scoping review is a type of systematic review used to map
and analyze a field of research [45]. We did a qualitative
assessment of the research output in an emerging field by
describing its main characteristics and publication trends. This
protocol was elaborated according to the Preferred Reporting
Items for Systematic Reviews and Meta-Analysis (PRISMA)
and its extensions to protocols and scoping reviews [46]. The
protocol is available at Open Science Frameworks [47].

Unsupervised Machine 
Learning Sleep

OR OR

AND

unsupervised machine learning, 
unsupervised learning, unsupervised 

deep learning, autoencoder, association 
rule, generative model, generative AI, 

dimensionality reduction, 
representation learning, feature 

learning, unlabelled data, unsupervised 
training, K-Means, centroid-based 

clustering, density-based clustering, 
hierarchical clustering, agglomerative 
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model*, principle component analysis, 

independent component analysis, 
apriori algorithm, anomaly detection, 

hidden markov model
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insomnia*, upper airway resistance, 
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insufficient sleep syndrome, shift 
work*, shiftwork*, night work*, 

rotating shift*, jet lag*, jetlag*, time 
zone change syndrome, parasomnia*, 
disorders of arousal*, chronobiology 

disorders, shift work schedule, 
nocturnal enuresis 

Fig. 3. Search Terms for Unsupervised Machine Learning and Sleep

Search Strategy
The literature search was performed in four databases:
PubMed, Web of Science, Scopus and ACM Digital Library.
The search strings were initially developed for PubMed and
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then adapted to the other databases’ syntax and search
engines. The search strategy was composed by combining two
components: unsupervised machine learning (methods) and
sleep (application domain). To increase the search sensitivity,
no restrictions on the type of sleep study, outcomes, or
population were set. A combination of MeSH terms and free
terms were used for each of the search components. The
search string for the sleep domain consisted of the search filter
proposed by Pires et al. [48]. Gray literature and secondary
data sources were not screened. An overview of the included
search strings and the general search query logic is shown in
Figure 3.

Inclusion and Exclusion Criteria
The eligibility analysis was based on the following inclusion
criteria:

• Language: Only papers published in English were
considered eligible. Papers in any other languages were
excluded.

• Type of Paper: Reviews, philosophical or conceptual
research, editorials, opinion papers, letters to the editor,
and non-peer-reviewed papers, e.g., posters and book
chapters, were excluded.

• Population: Only papers studying humans were considered
eligible. Animal studies were excluded.

• Sleep: Only papers primarily related to sleep were
considered eligible. A paper was considered to be sleep-
related if the study population, intervention, exposition
factor, or main outcome were related to sleep.

• Unsupervised machine learning: Only papers presenting
an application of an unsupervised machine learning method
on sleep-related data were considered eligible. The abstract
should either mention the term unsupervised, unlabeled
data, or unsupervised training or mention an unsupervised
machine learning method.

Study Selection
Our screening process was done according to the PRISMA
guidelines. The number of publications at each step of the
process can be seen in Figure 4. The records retrieved from
the literature search in the four databases were imported into
Rayyan [49], where de-duplication and eligibility analyses were
performed. Duplicate records with a similarity above 95% were
excluded automatically, and all remaining identified duplicates
were checked manually by the first author. From initially
7043 records, 5004 possible duplicates were identified. 3083 of
these duplicate records were removed. Hence the screening was
performed on the remaining 3960 records. All non-duplicated
papers were evaluated in a two-step process. The abstracts were
screened by the first author and three independent reviewers.
Before the start of the screening, each reviewer screened 100
records to ensure the screening instructions were clear enough
to provide a sufficient agreement. All publications that were not
in agreement in the pilot screening phase were discussed, and
the screening instructions were updated accordingly. This pilot
screening resulted in a Cohen’s Kappa of 0.54 with reviewer 1,
0.69 with reviewer 2, and 0.62 with reviewer 3. Then, the full
set of publications was screened.

All of the abstracts were screened by the first author.
Furthermore, reviewer 1 screened 50% of the records, while
reviewers 2 and 3 screened 25% of the records each. This way,
each record was screened by two independent reviewers to limit

individual bias. The screening resulted in an agreement of 0.67
across all three reviewers, which is considered a substantial
agreement. The conflicts were resolved by discussing each
conflict between the first author and the respective reviewer.
All of the 856 included abstracts in this screening round used
unsupervised machine learning methods, although they did not
focus on the method; instead, they focused on the sleep-related
contribution. Therefore, another abstract screening round
conducted by the first author, selecting only publications where
unsupervised machine learning was the main contribution,
resulted in 440 papers, which were then included in the full-text
retrieval.

Fig. 4. Flow Chart According to the PRISMA Guidelines

Data Extraction and Analysis
The data extraction was done in multiple steps. In the first
step, we coded all 856 included publications based on their
abstract. We coded them by the unsupervised machine learning
method and the type of sleep data. This step allowed us
to get an overview of methods and data types across all
related publications. We furthermore coded the abstracts by
focusing on the purpose of unsupervised machine learning. This
includes whether unsupervised machine learning was the main
contribution of the paper and whether it was a novel usage
of unsupervised machine learning or a known methodology.
We continued the in-depth data extraction process only with
publications that focused on unsupervised learning and had a
methodological contribution. This way, we got a broad overview
of unsupervised machine learning in sleep and were then able
to further narrow down the most relevant applications for the
full-text review.

In the second step, the full text of the 440 included
publications were reviewed. The majority of these publications
were retrieved using the automatic retrieval of open-access
papers with Endnote. The remaining 156 papers, which could
not be retrieved this way, were manually downloaded. 14
publications, which were not open access and were not provided
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by the authors within two weeks after contacting them, were
excluded from the sample. Once the final sample of eligible
studies was reached, data extraction was performed. In 67 of
the studies, only the full-text review revealed that they were
not eligible in terms of language, method, or data type. For
each of the 356 included publications, the information listed
below was extracted.

• Study Description: papers metadata (first author,
publication year, source title, and full reference string).

• Source Country: The country of the first affiliation of the
first author.

• Unsupervised Machine Learning: The method of
unsupervised machine learning was the main focus of the
paper.

• Role of Unsupervised Machine Learning: The purpose
or role of using unsupervised machine learning in the
publication.

• Data Type: The type of sleep data used by the
unsupervised machine learning method.

• Clinical Outcome: The application of the unsupervised
machine learning method within sleep research.

• Data Set: The data set used, population characteristics,
and overall number of individuals in the study.

• Results: The evaluation metric and performance of the
machine learning model. Furthermore, whether the author
concluded their research as successful or not.

• Outlook: The limitations or future research directions the
paper mentions.

There were no mandatory or conditional items, and missing
items were filled as “non-available/not applicable”. We used
both predefined categorical labels as well as free text fields
for extracting the information. This way, both a quantitative
analysis and a qualitative analysis of the reviewed papers were
possible.

Results
The first part of the results is dedicated to providing a
comprehensive overview of all the papers included in this
review, categorizing them by publication year, employed
method, and type of data utilized. The second part of the
results section is structured according to the various application
areas within sleep research.

Fig. 5. Publication Countries Based on First Author Affiliation

Countries
We extracted the country of the first author’s affiliation for
each reviewed publication with the goal of identifying the most
involved locations in this research area. Figure 5 shows a map
colored by the number of publications from the respective
country. Most publications stem from the United States, China,
and Australia. All blue countries have at least one publication,
and all dark blue countries have more than 10 publications.

Timeline
The research on unsupervised machine learning in sleep
research gained increasing popularity in recent years. Figure
6 shows a steep ascent in publications since 2016. This can
be explained by the generally increased research interest in
machine learning across all application areas and disciplines
over the last decades [50]. More than 40 publications on
unsupervised machine learning in sleep research were published
in 2023 alone. However, the timeline also shows that the
theoretical foundations for applying these methods date back
to the 1970’s.

Fig. 6. Number of Publications by Year

Multiple of these early publications used fuzzy clustering for
sleep staging [51–56]. Other research used X2-based clustering
[57], hierarchical clustering [58], self-organizing maps [59] and
ISODATA clustering, an iterative self-organizing clustering
method [60] to classify sleep stages. Apart from sleep staging,
unsupervised machine leaning has been used for modeling the
process of drifting into sleep [61] and extracting features from
sleep data to classificy spindles [62, 63] in the 1990s. Early
applications of K-Means in sleep research have been removing
artifacts [64] and detecting micro arousals [65] in sleep EEG.
Clustering is clearly the most widely used unsupervised learning
method in sleep research. When zooming in on the publications
from the last 20 years, a trend toward other unsupervised
machine learning methods becomes visible. The number of
publications using dimensionality reduction methods has been
rising since 2016. In the past three years, we can see that other
methods are gaining popularity, which include methods such as
unsupervised domain adaptation or contrastive learning.

Data Types
The scoping review showed that the papers across all sleep
applications varied strongly in the way data was collected.
As a first step, we mapped the different data types into the
categories (i) wearables and nearables, (ii) physiological data,



8 Biedebach et al.

and (iii) meta data and other data. We logically divided the
data types into measurement devices that can be used for
long-time monitoring in a home setting, such as wearables,
nearables, audio, video, and other types of sensors on the one
hand, as seen in Figure 8, and medical devices, which are
typically used for one night studies and require the assistance
of a professional, seen in Figure 9 on the other hand. We
furthermore created one category that includes different forms
of metadata and other data types in Figure 10. We counted the
number of publications which use each data type in their work
for each category and subcategory. Publications using multiple
data types are counted multiple times in this visualization.
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Fig. 7. Methods used in Publications between 2003 and 2023

Wearables and Nearables
Figure 8 gives an overview of the different types of wearable
and nearable devices to measure sleep. In the included papers,
smartwatches have been used for sleep staging [66–68], detect
respiratory events [69] and analyze sleep patterns [70]. Different
brands of smartwatches have been used, including Apple
watch [66], FitBit [67, 71, 72] and Withings ScanWatch [73].
Actigraphy has been used for sleep-wake monitoring [74, 75],
OSA screening [76] and identifying anomalous sleep patterns
[77]. Furthermore, an Oura Ring has been used to collect
longitudinal sleep data [78]. There have been 7 publications
using different types of mattress sensors [79–82] to assess sleep.
There were publications using sensors in the four corners of the
bed [83], in the pillow [84] or woven into the bed sheet [85].

Video has been used to identify sleep postures [86], monitor
breathing [87–89] during sleep and monitor vigilance when
driving a car [90, 91]. While most papers used simple cameras,
some research experimented with different types of cameras,
including infrared camera [88, 92] and 3D camera [93]. There
are two major ways that audio data was used: (i) monitoring
during sleep and (ii) extracting information about sleep from
speech during wake. When monitoring sleep, a microphone is
typically placed on the body or close to the bed and sounds like
coughs [94] or snoring [95, 96] were identified. In most cases, the
microphone is the one native to smartphones, but it may also
be used as part of other nearable and wearable devices. Audio
was used to detect respiratory events [97–99] or predict the age
of a sleeping person [100]. When extracting information from
speech - and therefore in wake state - the publications used the
audio from interviews or experimental settings. Many papers
succeeded in predicting OSA severity from speech recordings
during wake [101–103].

There are various types of sensors to collect information on
sleep. Shahid et al. [104] made use of recent developments in the
smart home industry. They drew data from the motion sensors
of elderly individuals living in smart homes. They showed that
these sensors, primarily designed to control the light, could
also be used to gather information about sleep in the form of
bed and rise times, as well as awakenings during the night. A
different publication used a mattress sensor for sleep monitoring
and then communicated with the smart home devices to adjust
light and temperature for optimal sleeping conditions [105]. Gu
et al. [106] showed that Wifi sensors, typically used to provide
internet access, can be reused for sleep monitoring [106]. Based
on the channel state information and received signal strength,
they can detect movement in sleep with an accuracy of 98.2%.
Non-commercial products such as Doppler radar have been
used to decompose the respiration signal of two people in one
bed [107]. Other forms of data include ultra-wideband radar,
which was used to identify anomalous sleep patterns [108], a
piezoelectric sensor attached to the neck, which tracks snoring
vibrations [109] or an infrared sensor, which is used to classify
movements in bed [110]. In drowsiness detection, an air quality
sensor has been used to predict changes in driver alertness [111].

• Smartwatch (17)
• Smart ring (1)
• Actigraphy (3)
• Heart rate monitor (2)

Wearables (23)

• Load cells in bed corners (1)
• Surface sensor mats (1)
• Mattress sensors (8)
• Bedsheet sensors (1)
• Pillow pressure sensor (1)

Mattress Sensors (12)

• Eye tracking (1)
• Facial action data (3)
• Simple camera (4)
• Infrared camera (2)
• 3D camera (1)

Video (9)

• Microphone (36)
• Tracheal sound sensor (3)

• Radio frequency (1)
• Infrared sensor (2)
• Air quality sensor (1)
• Time-of-Flight sensor (1)
• Ultra-wideband radar (1)
• Motion sensors (3)
• Piezoelectric sensor (1)
• Doppler radar (1)
• Wi-Fi channel state information 

and received signal strength (1)

Other Sensors (10)

Audio (38)

Fig. 8. Overview of Data from Wearables and Nearables

Clinical Physiological Signals
The most common way to capture sleep is PSG, which
allows measuring several physiological signals during sleep. We
categorize signals by the part of the body they measure, such as
the brain, the heart, and the breathing. The most common way
to measure the brain in sleep research is EEG. A total of 191
of the 356 publications used EEG as an input to unsupervised
machine learning. There are different forms of EEG offering
varying levels of invasiveness. Wireless EEG [112] is a minimally
invasive measurement for monitoring brainwaves with fewer
attachments. In contrast, intracranial EEG is a more invasive
method, where electrodes are placed directly inside the skull.
This technique is primarily used in clinical or research settings,
e.g., for conditions like epilepsy, where precise localization
of brain signals is crucial [113, 114]. Functional Magnetic
resonance imaging (fMRI) offers more detailed representations
of brain structure and activity compared to EEG, providing
high-resolution images that can capture subtle brain changes
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during sleep. The two included publications used fMRI to
remove ballistocardiographic artifacts [115] and modeling brain
states from sleep to wake [116].

In the study of cardiovascular function during sleep,
different methods offer varying levels of precision. There
were 40 publications using cardiovascular measurements as an
input for unsupervised learning. Wearable devices, such as
smartwatches, commonly measure heart rate through optical
sensors, providing a general but less detailed view of heart
activity [70, 117–119]. Electrocardiography (ECG) electrodes
on the chest offer a more precise measurement of heart
function during sleep. The ECG signal has been used in
unsupervised machine learning for sleep-wake monitoring [120],
drowsiness detection [121] and sleep staging [122]. Blood
pressure measurements can also be relevant in research on
morning surge [123] or analyze the relationship between blood
pressure and OSA [76].

• Electroencephalography (188)
• Electrocorticography (2)
• fMRI (2)
• PET brain scans  (1)
• Magnetoencephalography (1)

Brain (191)

• Electrocardiography (39)
• Sphygmomanometer (2)

Heart (40)

• Respiratory inductance 
Plethysmograph belts (4)

• Nasal or oronasal cannula (10)
• Blood oxygen saturation (11)

Breathing (20)

• Electromyography (13)
• Electrooculography (13)
• Electrodermal activity (1)

Other Signals (18)

Fig. 9. Overview of Physiological Data

20 reviewed publications included respiration, which can
be captured using a nasal or oronasal cannula [124–127].
Another way to capture respiration is through respiratory
movements, using Respiratory Inductance Plethysmograph
(RIP) belts around the thorax and abdomen [128–130].
Reimer et al. [131] uses a skin conductive electrode belt
that captures both respiratory rate and heart rate. Another
physiological process is blood oxygen saturation, which is
influenced by breathing, which is why many OSA-related
publications use pulse oximeters to detect respiratory events
[132–135]. 13 publications used electromyography (EMG) and
electrooculography (EOG), which are essential for detecting
Rapid Eye Movement (REM) sleep. Electrodermal activity
(EDA) is used to measure skin conductance as an indicator of
sweating, offering insights into the autonomic nervous system’s
activity during sleep. Daley et al. [136] use EDA to analyze the
body in prolonged wakefulness.

Metadata and Other Data
The term metadata describes data that provides information
about other data. In this category, we summarized data
sources that provide information about a person and their
sleep but are not direct, continuous measurements of sleep.
Figure 10 shows different types of metadata. This includes, for
example, hypnograms or sleep parameters derived from a PSG
recording. Self-reported sleep data such as sleep questionnaires
and sleep diaries also count into this metadata category. There
are publications that include general health information in
their analysis, such as demographics [137–139], anatomical
information [140], lifestyle information [127, 141], co-morbidity

[142], or medical history [143]. Examples of publications using
only metadata of sleep staging are Mirth et al. [144] or Jouan
et al. [145], who analyze the sleep stage scoring provided by
multiple sleep experts instead of analyzing the raw data itself.

• Hypnograms/Hypnodensity plots (5)
• Sleep parameters (15)
• Sleep questionnaires (10)
• Digital sleep diary (5)
• Health records (3)
• Anatomical information (1)
• Demographics (11)

Metadata (32)

• CPAP usage times (2)
• Cognitive tests (1)
• Smartphone background tracking (3)
• Car driving metrics (e.g. steering 

wheel angle & pressure) (2)

Other Data (8)

Fig. 10. Overview of Meta Data and Other Data

Some data types do not fit in any of these categories.
Baddam et al. [146] and Kang et al. [147] tracked the adherence
to Continuous Positive Airway Pressure (CPAP) usage of OSA
patients. Based on current usage hours, they categorized OSA
patients and predicted future adherence. Boyraz et al. [148]
extract driving metrics such as steering wheel angle or break
behavior to identify drowsy drivers. Massar et al. [78] use the
background tracking information from smartphones, such as
tapping or usage hours, to analyze sleep patterns. Rošťáková
and Rosipal [149] used objective cognitive tests to identify sleep
types.

Unsupervised Machine Learning Methods
The most commonly used unsupervised methods are clustering
and dimensionality reduction. To cover the entire field
of unsupervised machine learning, we also included other
methods, such as unsupervised anomaly detection, association
rules, generative models, and HMMs. The Sankey diagram in
Figure 11 shows how the number of publications of the different
method types and data types is distributed. Additionally, we
can see the flow, showing how many publications from each
method category are used with which data type.

Fig. 11. Sankey Diagram Showing the Flow between Method Types and
Data Types (HMM = Hidden Markov Model, PSG = Polysomnography)

We identified 181 publications using clustering. The most
common clustering methods used are K-means clustering,
Gaussian Mixture Models (GMMs), Fuzzy C-means clustering,
and hierarchical clustering. We reviewed 113 publications
that focused on dimensionality reduction. It is important



10 Biedebach et al.

Areas of Sleep Research

Sleep Monitoring

Sleep Monitoring
(138)

Sleep Stages
(127)

Sleep-Wake
(9)

Sleep Patterns
(30)

Sleep Events
(21)

Spindles
(14)

Arousals
(3)

K-Complexes
(2)

CAP
(2)

Sleep Characteristics
(12)

Movements
(5)

Sounds
(2)

Positions
(5)

Sleep Disorders

Obstructive Sleep 
Apnea (62)

CPAP Adherence
(3)

OSA Screening
(52)

OSA Phenotyping
(4)

Upper Airway 
Monitoring

(3)

Snoring
(14)

Snore Detection
(11)

Type of Snoring
(2)

Separate Snoring of 
Partners (1)

Other Sleep 
Disorders (14)

REM Behaviour 
Disorder (4)

Insomnia (4)

PLMS and RLS (3)

Sleep Disorders in 
General (3)

Other Sleep-Related 
Research

Signal Processing 
(21)

Drowsiness (23) 

Sleep-related 
Epilepsy (5)

Other (18)

Fig. 12. Categorization of Publications in Different Areas of Sleep Research

to mention here, that dimensionality reduction techniques
are already a commonly used method for preprocessing in
medical research. The most common forms of dimensionality
reduction in sleep research were PCA, ICA, Autoencoders,
Singular Value Decomposition, Self-Organizing Maps, and Deep
Belief Networks. They were most often used for classification,
preprocessing, feature extraction [150], pre-training of a
supervised model [151, 152] and data compression [128, 153].

There were 22 publications using HMMs with different
purposes, such as modeling the process of drifting into
sleep [61], modeling sleep transitions [154], and cycling
alternating pattern (CAP) analysis [155]. The review includes
8 publications that used unsupervised anomaly detection [44,
77, 79, 108, 111, 156–158] in the context of sleep research. Some
of them aimed to identify risks based on sleep patterns, such
as risk during pregnancy [79] or behavioral risk for the elderly
[158]. Other publications used anomaly detection methods for
drowsiness detection [111, 157] or identifying mouth breathing
during the night [44]. There are 7 publications included in the
review that create association rules based on sleep data [71,
72, 159–163]. Most of them were used for explorative analysis
of clinical data sets. Álvarez, Félix, and Cariñena applied
this method to the scoring of respiratory events to identify
breathing patterns during sleep. We identified 7 publications
using generative models in sleep research [95, 164–169]. Most
of these publications aimed to generate artificial sleep data
as a method to improve the classification performance for
spindle detection [164, 167], snore detection [95] and sleep
staging [168]. Other research aimed to explore the sleep data
through these generative models [169] or create art [165]. There
are 11 publications with other methods which could not be
included in any of the aforementioned categories. One of these
methods is unsupervised domain adaptation [170–178], where
a model trained on a labeled source domain can adapt to a
different but related target domain that lacks labeled data.
Other methods are a competition convolutional neural network
[179], a Hierarchical Multi-Agent System [180], and a Bayesian
switch-point model [181].

While the majority of studies employed unsupervised
machine learning, 14 studies applied semi-supervised machine

learning. Additionally, 16 publications focused on self-
supervised methods. Most of these publications used
contrastive learning, which compares positive pairs of similar
data (e.g., different representations of the same sleep cycle)
against negative pairs (e.g., different individuals’ sleep data),
helping the model learn distinguishing features. For example,
Xiao et al. [182] used contrastive learning to predict sleep
stages.

Research on Sleep Monitoring
An overview of different areas of sleep research and the number
of publications in each category can be seen in Figure 12. The
term sleep monitoring in this context aims to describe any type
of measuring physical attributes during sleep or tracking sleep
patterns over a period of time.

Sleep Staging

Sleep staging is the most common classification task in
sleep research. 129 of the 356 included publications focus
on sleep staging. We review the machine learning methods,
data types and data sets, population size (labelled as #)
and characteristics, and evaluation in these publications in
Appendix 1. Different unsupervised machine learning methods
have been applied for sleep staging. The most common
methods are various variations of K-Means clustering with
25 publications and different variations of autoencoders with
19 publications. The most common roles of unsupervised
machine learning in sleep staging besides classification are
domain adaptation and feature extraction. Some publications
use unsupervised machine learning in unique ways, such as
weighting features [183] and clustering the train set [184, 185].
Tian et al. [186] use unsupervised machine learning to refine
the the accuracy of a supervised model. They use clustering to
classify only the epochs that the supervised classifier is not sure
about.

Most publications use EEG for sleep staging. Others use
simplified measurement channels, for example, integrated into
wearables. The most common other signals are ECG [168, 187],
Photoplethysmography [66, 188], accelerometer [67, 131, 189]
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and video [92, 93]. Vanbuis et al. [130] predict the sleep
stages of participants with sleep-disordered breathing using
only respiratory signals and the heart rate and achieve an
accuracy of 0.79. Reviewing the data sets used for training
and testing the automated sleep staging models showed that
49 of 129 publications on sleep staging rely on the publicly
available Sleep-EDF data set. This data set is available through
physionet.org and consists of PSG recordings of healthy adults.
An extended version with healthy and sleep-disordered adults
is available as well. The recordings took place between 1989
and 1994. Other common public data sets are The Montreal
Archive of Sleep Studies (MASS) data set, St. Vincent’s
University Hospital / University College Dublin Sleep Apnea
Database (UCD), ISRUC data set [190], and the Sleep Heart
Health Study (SHHS) data set [191]. Even though the goal
of using public data sets is often comparability, the reviewed
publications often use subsets of the public data sets or combine
multiple public data sets.
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Fig. 13. Number of Participants in Sleep Staging Publications

Specifically, 69 of 112 sleep staging papers, which provide
information about their population, train and validate their
models on a healthy population only. Most of the publications
use the data of adults or don’t specify the age range. There
are 7 publications doing sleep staging with the data of elderly
citiziens, 6 publications with the data of children and 7 with
the data of new borns. The size of the data sets used in sleep
staging publications can be seen in Figure 13. Most publications
train and validate their models on the data of one to ten
participants. There are five publications which use data sets
with 500 participants or more.

Sleep-Wake Monitoring

Sleep-Wake monitoring can be used to calculate sleep
parameters, such as the sleep duration, sleep efficiency, sleep
onset latency and wake after sleep onset. It can be used to
track sleep longitudinally and monitor for example regularity
of sleep and wake times. An overview of all publications
using unsupervised machine learning for sleep-wake detection
can be found in Table 2. While the previous chapter showed
that automatic sleep staging is usually based on EEG, the
publications on sleep-wake monitoring mostly use wearables
or nearables. This allows a longitudinal tracking of sleep wake
rhythms. Some of the included publications use the longitudinal
sleep-wake patterns for an early diagnosis of neurological
disorders or to detect other anomalies.

ValueMetricDuration#PopulationData TypeMethodReference

0.94Accuracy219 
nights1Healthy 

adultsMotion sensors
Bayesian 
Switch 
Point Model

El-Khadiri et 
al., 2018 
[181]

0.78 -
0.88Accuracy1 night30

Healthy 
adults, 
suspected 
SDB

ECG
Shapelets
and K-
Means

Geng et al., 
2022 [120]

0.95Accuracy1 night8Healthy 
adultsEEGFuzzy C-

Means
Rai et al., 
2015 [192]

0.87Agreement3 months14Elderly
Smartwatch 
heart rate and 
accelerometer

HMMLiu et al., 
2020 [119]

--80 days10Healthy 
adultsActigraphyK-MeansMuns et al., 

2017 [74]

0.97Accuracy1 night1Healthy 
adults

Smartwatch 
heart rateK-MeansFung et al., 

2023 [118]

0.4Silhouette 
Score3 years6ElderlyMotion sensorsK-MeansShahid et al., 

2022 [193]

0.93Accuracy1 day7Healthy 
adults

Smartwatch 
accelerometer

K-Means 
and HMM

Subramanian 
and Coleman, 
2022 [194]

0.85Accuracy3-11 
nights37

Insomnia 
patients and 
healthy 
adults

Actigraphy

K-Means, 
Fuzzy C-
Means and 
GMM

El-
Manzalawy et 
al., 2017 [75]

Table 2. Publications on Sleep-Wake Monitoring

Sleep Patterns

With the technological enhancements in wearable and nearable
technologies, we can observe a growing interest in longitudinal
analysis of sleep patterns across multiple nights. Long-term
monitoring can identify irregular sleep behaviors or deviations
from normal sleep patterns, which may be indicative of
underlying health issues [77, 108]. The duration of sleep
monitoring also varies, from one-night studies to longitudinal
studies spanning up to a year. An overview of all publications
on sleep patterns can be found in Table 3. Other publications
use unsupervised learning to analyse [73] and predict [141]
sleep quality. Clustering has been applied to identify group of
individuals with similar sleep patterns based on demographics
or sleep parameters. The sample sizes vary significantly across
the literature, ranging from small cohorts of 7 participants [70]
to large-scale studies with up to 2,579 individuals [139].

Sleep Events

Apart from sleep stages, there are other events visible in EEG,
such as sleep spindles, K-complexes, and arousal. Table 4
provides an overview of all publications using unsupervised
machine learning methods to detect sleep spindles. All of the
reviewed papers used EEG signals to detect spindles. Piza et al.
[209] used kernelized K-Means clustering to sample the training
set before using a supervised model for classification. Loza
et al. [167] uses hierarchical clustering to create a structure
of patterns from vector spaces of different dimensions. Chen
et al.[210] classify spindles using K-Means with an Accuracy
of 0.927. There are two publications that use unsupervised
machine learning to classify K-Complexes. Ranjan et al. [211]
uses fuzzy C Means clustering, and Zacharaki et al. [212] use
spectral clustering to detect K-Complexes with an accuracy of
0.912 and 0.84. Arousals are another event in sleep EEG and
can be defined as a sudden shift in EEG frequency that indicates
a brief disruption in sleep. They are difficult to identify with
supervised machine learning since the agreement of manual
scoring is low [21]. Identifying arousals with unsupervised
machine learning was first approached by Pacheco and Vaz
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in 1998 by using K-Means clustering [65]. In recent years,
Safont et. al have attempted to classify arousals with Sequential
Independent Analysis Mixture Models [213, 214]. They tested
their model on three participants with OSA and reported a
classification accuracy of 0.8. There are two publications on
cyclic alternating pattern, which are both by Mendonça et al.
[155, 215]. Their first publication is based on a single-lead ECG
signal. They use a Deep Stacked Autoencoder to predict sleep
quality based on the Cycling Alternating Pattern [215]. The

second publication extracts features from EEG signals and uses
a HMM, a GMM, and Self-Organizing Maps to estimate the
Cycling Alternating Pattern [155].

Sleep Characteristics

Sleep Movements
Detecting movements during sleep has been approached with
various measurement devices. Table 5 provides an overview of
the different methods and data types used to classify movement

Duration#PopulationData TypeRoleMethodReference

3-5 months18Healthy adultsAccelerometer, Time-of-Flight sensor 
and ultra-wideband radar

Detect anomalous sleep 
patternsIncremental ClusteringCaroppo et al., 2018 [108]

30 days2Healthy adultsSmartwatchDiscover factors relevant to 
sleep qualityAssociation RulesLiang et al., 2016 [71]

1 night96Healthy adultsEEG, EOG and EMGExploratory analysis of sleep 
patterns

Contrastive Predictive Coding and 
Self-organizing MapsHuijben et al., 2022 [195]

8 weeks198Healthy adultsOura ring, smartphone background 
tracking app and digital sleep diaryExplore sleep behaviourK-MeansMassar et al., 2021 [78]

1 night81Suspected sleep 
disorders 

Sleep questionnaire, demographics 
and sleep parametersDerive association rulesApriori AlgorithmLaxminarayan et al., 2005 

[160]

1 night81Suspected sleep 
disorders 

Sleep questionnaire, demographics 
and sleep parametersDerive association rulesApriori AlgorithmKim et al., 2019 [161]

180 days5Healthy adultsSmartwatchDerive association rulesApriori AlgorithmLiang et al., 2016 [72]

1 night81Suspected sleep 
disorders 

Sleep questionnaire, demographics 
and sleep parametersDerive association rulesApriori AlgorithmLaxminarayan et al., 2006 

[162]

1 year1ElderlyActigraphyIdentify anomalous nightsMean Shift Algorithm and 
AutoencoderGasmi et al., 2023 [77]

1-2 nights25OSA patients and 
healthy adultsEEG and EOGSleep patternsX2-based ClusteringJansen et al., 1987 [57]

4 years1Healthy adultsMobile application (audio and usage 
activity)

Predict sleep health 
indicatorsK-MeansLi et al., 2023 [196]

1.5 years1Healthy adultsMobile applicationPredict sleep qualityStacked Sparse AutoencoderAlabdan et al., 2023 [197]

7 weeks---Predict sleep qualityPrincipal Component Analysis and 
K-Means

Khumngoen et al., 2023 
[198]

1 night10Healthy adultsEEG and smartwatchSleep quality predictionTransfer Learning using Deep 
AutoencoderZhang et al., 2017 [199]

2 weeks333Healthy adultsIoT devices, demographics, daily 
lifestyle reportsSleep quality predictionDeep Belief NetworkHong et al., 2017 [141]

1 night36Healthy adultsMicrophone and questionnaireSleep quality prediction
Self-organising Maps, Hierarchical 
Clustering and Hidden Markov 
Model

Wu et al., 2017 [200]

---Smart bedSleep recommendationsK-Means and Collaborative FilteringPark et al., 2023 [201]

1 night244Suspected sleep 
disorders 

EEG, demographics and sleep 
questionnaireIdentify sleep patternsExpectation Maximization ClusteringWang et al., 2013 [202]

-2579Soldiers with sleep 
disturbances

Demographics and sleep 
questionnairesIdentify sleep patternsAutoencoder and K-MeansLee et al., 2022 [139]

1 night244Healthy adultsHypnogramIdentify sleep patterns[]Expectation Maximization 
ClusteringUsher et al., 2012 [203]

1 night244Healthy adultsHypnogramIdentify sleep patternsCombined Dynamical Modeling 
ClusteringWang et al., 2017 [204]

One year 
on average19ElderlyRespiration, activity and heart rateIdentifying sleep typesFuzzy Evidence Accumulation 

Clustering Bajkowski et al., 2023 [205]

3 years 
(annualy)100Junior highschool 

childrenSleep parameters and demographicsIdentifying sleep typesConstrained K-MeansUsami, 2014 [137]

1 night244Healthy adultsSleep parameters, demographics and 
health factorsIdentifying sleep typesGaussian Mixture ModelKhasawneh et al., 2010 

[206]

1 night98Healthy adultsHypnogram and hypnodensity plotIdentifying sleep typesK-Means, K Modes and Principal 
Component AnalysisMirth et al., 2023 [144]

2 nights146Healthy adultsEEG, self-reported sleep, vigilance 
test and blood pressureIdentifying sleep typesK Medoits with Dynamic Time 

WarpingRošťáková et al., 2019 [149]

1 night244Suspected sleep 
disorders Sleep ParameterIdentifying sleep typesGaussian Mixture ModelKhasawneh et al., 2011 

[207]

20 nights7Healthy adultsHeart Rate, Accelerometer and Sleep 
Quality ReportingIdentifying sleep typesFuzzy ClusteringAlfeo et al., 2018 [70]

3 months45Healthy adultsSmartwatch and Digtial Sleep DiaryIdentifying sleep typesK-MeansBiedebach et al., 2023 [73]

1 week216
Older adults with 
and without 
insomnia

PSG, Smartwatch and Self-reported 
Sleep DataIdentifying sleep typesMixture Model based on Multivariate 

Skew Normal DistributionWallace et al., 2018 [208]

Table 3. Publications on Sleep Patterns
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ValueMetricDuration#PopulationMethodReference

0.57Sensitivity1 night6Healthy adultsGaussian Mixture 
Model

Patti, Penzel and 
Cvetkovic, 2015 
[216]

0.75Sensitivity1 night6Healthy adultsGaussian Mixture 
Model

Patti, Chaparro-
Vargas and 
Cvetkovic, 2014 
[127]

--2 nights1Healthy adults
Variational 
Switching State-
Space Model

He et al., 2022 
[128]

0.93Accuracy1 night6
Sleep 
disordered 
adults

K-MeansChen et al., 2021 
[129]

--7 min1-ICARosipal et al., 1998 
[62]

0.85Sensitivity1 night9Healthy adultsHierarchical 
clustering 

O'Reilly et al., 
2015 [220]

0.42Accuracy30 min55Healthy adults
Deep Neural 
Dynamic Bayesian 
Network

Loza et al., 2021 
[164]

0.86Sensitivity1 night27Healthy adultsKernelized K-
Means

Piza et al., 2017 
[209]

-----Singular Value 
Decomposition

Caspary et al., 
1994 [63]

0.90 Accuracy1 night20
Sleep 
disordered 
adults

K-MeansChen et al., 2023 
[221]

--1 night1Healthy adultsICAVentouras et al., 
2010 [222]

0.74Sensitivity1 night25Healthy adults
Multivariate 
Gaussian mixture 
model 

Patti et al., 2018 
[223]

--1 night1Healthy adultsICAVentouras et al., 
2008 [224]

0.68Sensitivity30 min8-Hierarchical 
Clustering

Loza et al., 2019 
[167]

Table 4. Publications on Sleep Spindles

during sleep. Wi-Fi [106], radio frequency [225], infrared
sensors [110], and video [226] have been used to monitor
sleep movements from a distance. These different publications
defined different classes of movement. While two publications
only differentiate between movement and no movement, or roll-
over or no-rollover, others identify more specific movements.
Adami et al. [83] used load cells in the corners of the bed
to classify a movement as a major posture shift, a smaller
movement in the upper body, or leg movement. Bagci Nguyen
and Ozturk [110] differentiate between respiration, twitches,
limb movements, and tossing and turning. All of the mentioned
publications use clustering either in the form of K-Means or
GMMs.

Acc.Duration#MovementData TypeMethodReference

0.97Short time 11General MovementRadio frequency-
based monitoring

Gaussian 
Mixture Model

Gu et al., 
2019 [225]

0.85Short time 15
Major posture shifts, 
smaller movements in 
upper body or legs

Load cells in bed 
corners

Gaussian 
Mixture Model

Adami et 
al., 2011 
[83]

0.88Short time 1
Respiration, twitches 
and limb movements, 
tossing and turning

Infrared sensorK-Means
Bagci et 
al., 2023 
[110]

0.67Short time 1
Turning, stretching 
legs, moving arms and 
head

VideoK-Means
Heinrich et 
al., 2013 
[226]

0.981 hour7Roll-oversWi-FiGaussian 
Mixture Model

Gu et al., 
2020 [106]

Table 5. Publications on Sleep Movements

Sleep Sounds
Sounds can reveal information about sleep. Sounds related to
sleep-disordered breathing will be treated in the sections on
OSA and snoring. In this section, we review publications that

aim to detect sounds during sleep in general. Barata et al.
[94] aim to detect coughs during sleep. They use a GMM to
cluster audio segments. They even take one step further, to
differentiate between coughs of partners sleeping in one bed.
Their work was tested on 94 participants with asthma over 28
nights each and resulted in a Matthews correlation coefficient
of 0.92. Another work on sound classification during sleep is
by Wu et al. [227]. They classify sounds during the night as
tooth grinding, snoring, movement, or environmental noise.
They use self-organizing maps and test the performance of this
unsupervised method on 7 healthy adults for one night of audio
recording. Their model classifies the event with a pairwise F
Measure of 0.581.

Sleep Postures
During sleep, we switch between different sleeping postures or
positions. Evaluating sleeping positions might be relevant in the
evaluation of sleep disorders, such as postural obstructive sleep
apnea (i.e., sleep apneas occurring only in the supine position)
[228] or restless sleep disorder (a sleep-related movement
disorder characterized by frequent and large movements during
sleep) [229]. Research has aimed to automatically identify these
postures with unsupervised machine learning, as can be seen
in Table 6. The papers either differentiate between supine,
i.e. lying on the back, left side and right side [81, 82, 86] or
additionally classify prone, i.e., lying on the stomach or on the
side [85]. The overarching goal of the sleep posture classification
can be relevant to monitoring the health status of the elderly
[86] or assessing the risk of pressure ulceration in bed-bound
patients [81].

ValueMetric#PositionsData TypeRoleMethodReference

0.93Accuracy10Supine, left, 
right

Surface 
sensor matsClassificationFuzzy C-

Means
Baran Pouyan
et al., 2015 [82]

0.98Accuracy9Supine, left, 
right

Mattress 
sensorClassification

GMM 
with EM 
Algorithm

Ostadabbas et 
al., 2014 [81]

0.92F1 Score109Supine, left, 
rightImagesFeature 

ExtractionK-MeansBhatlawande et 
al., 2022 [86]

0.88Accuracy-

Supine, prone, 
left lateral, right 
lateral, left side, 
right side

Bedsheet 
sensor, 
infrared 
sensor

Feature 
Extraction

Fuzzy C-
Means

Hsiao et al., 
2018 [85]

Table 6. Publications on Sleep Postures

Research on Sleep Disorders
There are multiple publications that analyze sleep disorders
in general [230, 231]. For example, Bruce [232] uses K-
Means to cluster EEG sequences by participants with insomnia,
nocturnal frontal lobe epilepsy, periodic leg movements, and
REM behavior disorder. This research showed that the
clustering was useful in identifying oscillatory patterns in the
EEG of these sleep disorders and neurological disorders.

Obstructive Sleep Apnea

The review shows that most publications on Obstructive Sleep
Apnea (OSA) focus on automatically scoring respiratory events,
including apneas and hypopneas, during the night. There are
multiple publications using Gaussian Mixture Models to predict
OSA from Speech [101–103, 256–261]. The choice of data type
varies significantly across studies. For instance, 18 publications
rely on audio recordings to capture respiratory patterns, 6
use SpO2 data, and 17 utilize ECG signals. A full overview
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ValueMetricDuration#PopulationData TypeRoleMethodReference

0.81AccuracySubset of a night2056-RIP belts and 
cannulaClassify Respiratory eventsAutoencoderHaidar et al., 2019 [128]

0.90Accuracy1 night25OSA patientsECGClassify Respiratory eventsCanonical Correlation AnalysisMoeynoi et al., 2017 [233]

0.51F1 Score1 night20Children with and without 
OSA

Different respiration 
signalsClassify Respiratory eventsConvolutional AutoencoderBiedebach et al., 2024 [44]

0.90Accuracy1 night95OSA patients and healthy 
adultsECGClassify Respiratory eventsConvolutional Autoencoder Hu et al., 2023 [234]

0.80Accuracy1 night30Middle aged adultsSPO2Classify Respiratory eventsConvolutional Autoencoder and 
Transformer Neural Network

Almarshad et al., 2023 
[135]

0.85 -
0.98Accuracy1 night33OSA patientsSpO2Classify Respiratory eventsDeep Belief NetworkMostafa et al., 2017 [132]

0.85 -
0.97Accuracy1 night33-SpO2Classify Respiratory eventsDirichlet Process Mixture ModelLi et al., 2020 [134]

0.77 -
0.88Accuracy1-2 nights26OSA patients and healthy 

adultsECG and wearablesClassify Respiratory eventsDirichlet Process-based Mixture 
Gaussian Process  ModelLe et al., 2013 [117]

0.851Accuracy2 - 4 nights32OSA patientsECGClassify Respiratory eventsFrequential stacked sparse auto-
encoder and Hidden Markov ModelFeng et al., 2021 [235]

1Accuracy1 night66OSA patients and healthy 
adultsECG and SpO2Classify Respiratory eventsGaussian Mixture ModelRavelo-García et al., 2004 

[236]

0.79, 0.83Specificity, 
Sensitivity1 night83OSA patients and healthy 

adultsSpeech audioClassify Respiratory eventsGaussian Mixture ModelGoldshtein et al., 2011 [99]

0.80Accuracy1 night96OSA patientsOronasal airflowClassify Respiratory eventsGaussian Mixture ModelingElmoaqet et al., 2020 [125]
0.92Sensitivity1 night60Healthy adultsSleep audioClassify Respiratory eventsGaussian Mixture ModelingBen-Israel et al., 2010 [97]
0.92 -
0.99Accuracy----Classify Respiratory eventsGreedy Pre-pruned Tree-based 

ClusteringSim et al., 2022 [237]

0.7Accuracy1 night70OSA patientsECGClassify Respiratory eventsHidden Markov ModelAl-Ani et al., 2008 [238]
-----EEGClassify Respiratory eventsHidden Markov ModelNovák et al., 2004 [239]

0.85Accuracy1 night70-ECGClassify Respiratory eventsHidden Markov Model and Sparse 
AutoencoderFeng et al., 2019 [240]

0.96Accuracy1 night70OSA patients and healthy 
adultsECGClassify Respiratory eventsHybrid Radial Basis Function using 

K-MeansOstadieh et al., 2020 [241]

0.90, 0.92Sensitivity, 
Specitivity1 night42Snorers and OSA patients Sleep audioClassify Respiratory eventsK-MeansZhao et al., 2011 [98]

0.84Sensitivity30 min5OSA patientsECGClassify Respiratory eventsK-MeansBoudaoud et al., 2005 [242]
0.97Accuracy1 night--ECGClassify Respiratory eventsK-Means combined with KNNBoppana et al., 2019 [243]
0.86Accuracy1 night187Suspected OSA SpO2Classify Respiratory eventsK-Means with RBFMarcos et al., 2008 [133]

0.91Accuracy1 night74Suspected OSA Pulse oximetryClassify Respiratory eventsK-Means, Hierarchical Clustering and 
Fuzzy C-MeansAlvarez et al., 2007 [244]

0.81Sensitivity1 night3OSA patientsAirflowClassify Respiratory eventsPrincipal Component Analysis, 
Empirical Mode DecompositionRobertson et al., 2007 [245]

0.96Accuracy1 night70OSA patients and healthy 
adultsECGClassify Respiratory eventsHybrid RBF network with K-MeansOstadieh et al., 2020 [246]

0.89Accuracy1 night70OSA patientsSingle lead ECGClassify Respiratory eventsRestricted Boltzmann Machine in 
Deep Belief Networks

Kumar Tyagi et al., 2023 
[247]

0.85Accuracy1 night95OSA patientsECGClassify Respiratory eventsSelf-supervised representation 
learningKumar et al., 2023 [248]

0.90Accuracy2.5 minutes5Healthy adultsMattress sensorClassify Respiratory eventsStacked AutoencoderTakao et al., 2019 [69]

0.847Accuracy1 night70OSA patientsSingle lead ECGClassify Respiratory eventsStacked Sparse Autoencoder and 
Hidden Markov ModelLi et al., 2018 [249]

0.87 - 1Accuracy1 night70OSA patientsECGClassify Respiratory eventsSub-pattern-based PCA Zubair et al., 2023 [250]

0.83Accuracy1 night21Children with suspected 
SDBPPGClassify Respiratory eventsTime-adapted Principal Component 

Analysis
Sepúlveda-Cano et al., 2011 
[251]

0.88Accuracy1 night70OSA patientsECGClassify Respiratory eventsVariational Mode DecompositionSharma et al., 2020 [252]

----OSA patientsSleep audioCreating segments of BreathK-MeansAlshaer et al., 2009 [253]

0.64Accuracy1 night10Healthy adultsAirflow, SpO2 and 
heart rate

Identify patterns in 
breathing

Agglomerative Hierarchical 
Clustering

Joergensen et al., 2021 
[124]

--1 night50OSA patientsScoring of 
respiratory events

Identify patterns in 
breathing

Apriori Simple Temporal Problem 
MinerÁlvarez et al., 2013 [154]

0.81, 0.84Sensitivity, 
Specitivity2 minutes7ECGIdentify patterns in 

breathingK-MeansBoudaoud et al., 2007 [254]

--1 night100OSA patients and snorersAirflow and RIP 
belts

Identify patterns in 
breathing

Variational Autoencoder and K-
MeansHolm et al., 2023 [129]

0.88Accuracy1 night49OSA patientsTracheal soundPredict OSA from AudioFuzzy C-MeansTemrat et al., 2018 [255]

--1 night97Children with and without 
OSA

Blood pressure 
monitoring cuff and 
actigraphy

Analyze OSA and Blood 
PressureMultivariate Dirichlet Process MixtureRen et al., 2020 [76]

0.91F1 Score1 night249Cancer patients
Sleep parameters, 
demographics, 
comorbidities

Predict OSA from MetadataPrincipal Component AnalysisWong et al., 2023 [142]

0.92Accuracy1 night26OSA patients and healthy 
adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelZigel, Tarasiuk and 

Goldshtein, 2008 [256]

0.078Error RateShort time 
measurement26OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelBlanco et al., 2009 [257]

0.25
Relative 
Reduction in 
EER

Short time 
measurement-OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelBlanco et al., 2011 [258]

0.81AccuracyShort time 
measurement80OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelPozo et al., 2009 [259]

0.92, 0.92Sensitivity,  
Specitivity1 minute92Suspected OSA Speech audioPredict OSA from SpeechGaussian Mixture ModelElisha et al., 2011 [260]

0.89AccuracyShort time 
measurement80OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelBlanco et al., 2013 [101]

0.81AccuracyShort time 
measurement80OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelFernández et al., 2009 [103]

0.65AccuracyShort time 
measurement520OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture Model VariationsGómez-García et al., 2013 
[102]

0.81AccuracyShort time 
measurement80OSA patients and healthy 

adultsSpeech audioPredict OSA from SpeechGaussian Mixture ModelFernández et al., 2010 [261]

Table 7. Publications on OSA



Unsupervised Machine Learning in Sleep 15

ValueMetricDuration#PopulationData TypeRoleMethodReference

0.95F1 score1 night44Healthy adultsMicrophoneSnore detectionDeep autoencoder and 
HMM-GMMSchmitt et al., 2016 [270]

12.83Mean source to 
interference ratio 

Short time 
measurement110Adults with suspected sleep 

disorders MicrophoneSeparate snoring 
from partners

Degenerate unmixing 
estimation echnique

Wongsirichot et al., 2016 
[269]

--1 night15Adults with suspected OSA 
or snoringMicrophoneClassify type of 

snoringFuzzy 2-MeansMordoh and Zigel, 2021 
[268]

0.97Detection Rate1 night33Adults with OSADirectional microphone Snore detectionGaussian Mixture ModelAzarbarzin and 
Moussavi, 2011 [271]

0.91-0.8Accuracy1 night6Healthy adultsSmartphone microphoneSnore detectionGMM with EM AlgorithmDafna et al., 2011 [272]
0.93F1 Score2 nights156Healthy adultsPiezoelectric sensorSnore detectionHierarchical ClusteringRomero et al., 2019 [267]

--Short time 
measurement1-MicrophoneSnore detectionICAYadollahi et al., 2009 

[273]
0.75Accuracy1 night5Healthy adultsSmartphone microphoneSnore detectionK-MeansVrins et al., 2004 [274]

--1 night15Healthy adultsMicrophoneSnore detectionK-MeansGoh et al., 2018 [109]

0.80Unweighted 
Average Recall1 night24Adults with OSA and 

snoring
Nasopharyngoscope and 
headset microphone

Classify type of 
snoring

K-Means "random++" 
variantBeeton et al., 2007 [96]

0.96Accuracy1 night1Adults with OSAMicrophoneSnore detectionK-HarmoniC-Means 
ClusteringZhang et al., 2020 [95]

0.99Accuracy1 night30Adults with suspected OSA Ambient microphone and 
tracheal microphoneSnore detectionPCA and Fuzzy C-MeansAzarbarzin et al., 2010 

[275]
0.956Accuracy1 night20Adults with suspected OSA MicrophoneSnore detectionPCA and K-MeansBublitz et al., 2017 [276]

0.52Unweighted 
Average Recall---MicrophoneSnore detectionSemi-supervised 

Conditional GANMa et al., 2015 [277]

Table 8. Publications on Snoring

of publications using unsupervised machine learning to detect
respiratory events is shown in Table 7.

Other publications use clustering to identify phenotypes
of OSA. They use metadata such as sleep parameters,
health records, lifestyle information, and self-reported sleep
information as a basis for the clustering [138, 143, 262]. Some
publications monitor the upper airway using audio [263, 264] or
a static-charge-sensitive bed and a nasal cannula [126]. There
are publications that specifically aim to identify the side of
upper airway collapse [68, 265]. Three publications analyze
[146, 266] the CPAP usage times of OSA patients and predict
their future adherence [147] .

Snoring

We identified 14 publications using unsupervised machine
learning to classify snoring. An overview of the used machine
learning methods, data sets, and performance metrics can be
found in Table 8. All of these publications use audio data from
microphones except Romero et al. [267], who use a piezoelectric
sensor. Most of the research aims to detect snoring events,
while others more specifically try to classify the type of snoring
[96, 268] or separate the snoring of partners [269].

Insomnia

There are four publications using unsupervised machine
learning focusing on insomnida. Park et al. [278] cluster
people with insomnia based on sleep patterns collected with
a smartwatch. They aim to detect different types of insomnia
and run their model on 6 weeks of longitudinal data by 42
adults with insomnia. There are two publications aiming to
detect insomnia based on EEG recordings [174, 279]. Frederic
et al. [280] use ICA for EEG signal preprocessing, specifically
for people with insomnia.

REM Sleep Behavior Disorder

There are multiple applications of unsupervised machine
learning methods in the context of REM sleep behavior disorder
(RBD). Tripathi and Rajendra [281] use PET brain scans to

predict whether a person with idiopathic RBD is likely to
develop Parkinson’s or Lewy Bodies dementia. Koch et al. [282]
aim to classify people with RBD using EEG-based sleep staging.
There are two publications that analyze the sleep of people with
RBD based on PPG and accelerometer data from wearables
[188] and EMG [283].

Restless Legs Syndrome and Periodic Limb Movement

Disorder

Restless Legs Syndrome (RLS) is characterized by an
uncomfortable urge to move the legs [284], often worsening
at night, while PLMD involves repetitive, involuntary leg
movements in the daytime and during sleep [285]. There are two
publications that use clustering to identify movements based on
mattress sensor data [286] and EMG [287]. Fairly et al. [288]
use PCA to extract features from EMG data, to detect phasic
EMG activity.

Research on Other Sleep-related Topics
Drowsiness

Vigilance analysis aims to detect sleepiness or microsleep during
wake time, often in the context of driving. A full overview
of publications using unsupervised machine learning to assess
drowsiness can be found in Table 9. A substantial number of
studies in this field concentrate on physiological signals. Some
employ EEG to monitor brain activity, while others utilize
ECG to analyze heart rate variability. Furthermore, researchers
have attempted to derive levels of sleepiness from speech
patterns [289, 290]. More recent advancements involve the real-
time collection of data within the vehicle itself, including the
tracking of facial expressions [90, 91], eye movements [136],
and steering behavior [148], as well as the monitoring of
environmental factors such as air quality [111].

Signal Processing

Unsupervised learning has been used to extract and decompose
signals. ICA and PCA have been used to extract respiratory
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rate from video [87, 89]. Additionally, both respiratory rate
and heart rate have been extracted from infrared video [88],
piezoelectric sensors [80], and pillow pressure sensors [84].
Signal decomposition can also be applied to separate the
respiration of two people in one bed [107]. Poreé et al. [291]
applied ICA to extract EEG, EMG, and EOG from a simplified
EEG set-up. ICA is not only useful for decomposition but
also for data compression. Crainiceanu et al. [292] developed
a dimensionality reduction method they call population value
decomposition, which they use to compress EEG signals. They
work with the data of the SHHS data set, including 3201
recordings. This compression is desirable for storing the data
and for subsequent data analysis.

Back in 1989, Lima, Leitao, and Paiva [64] used K-Means to
remove artifacts from EEG. Today, most publications use ICA
[293–295]. More specifically, ICA has been used to clean EEG
data by removing muscle artifacts [296, 297], cardiac artifacts
[298–300] and eye movement artifacts [301]. Somervail et al.
[302] use Artifact Subspace Reconstruction to clean the EEG
signal. These methods can also be used to create new data for
signals with faulty [303] or missing [304] data.

Sleep-related Epilepsy

Four of the reviewed papers focus on epilepsy patients. Lee et
al. [115] use ICA to remove ballistocardiographic and ocular
artifacts from EEG and model the hemodynamic response
functions. The overall goal of the research is to use simultaneous
EEG and fMRI recording to analyze brain areas generating
interictal epileptic discharge spikes during sleep onset. The
other publications aim to detect epileptic seizures during sleep
based on EEG [305] and use intracranial EEG to detect sleep
stages [113] and sleep-wake states [306].

Other

Several studies have employed sleep measurements to assess
risk in specific population groups, such as pregnant women
[79] and elderly [158]. Wang et al. [79] utilized sleep data from
smartwatches and sleep diaries collected throughout pregnancy
to predict high-risk pregnancies. They detected anomalous
sleep patterns, reporting a Spearman correlation of 1.125
between sleep metrics and high-risk pregnancy outcomes.

Several studies have utilized unsupervised learning methods
to conduct more general exploratory analyses of sleep
independent of specific population groups or sleep disorders.
Notably, Abeysinghe and Cui [163] explored large-scale clinical
datasets, combining data from multiple cohorts, both with and
without sleep disorders, amounting to a total of 24,515 clinical
records. By applying association rule mining, they identified
patterns within the data, some of which align with existing
medical literature and others that may present novel hypotheses
for future investigation.

Other publications have applied unsupervised learning
techniques to gain deeper insights into physiological processes
during sleep, such as cardiac activity [307] or the transition
process from wakefulness to sleep [61]. Houldin et al. [116]
employed ICA to compare resting-state networks in wakefulness
and sleep using fMRI data. Another interesting work using EEG
signals called the Dream Catcher experiment aimed to detect
markers of dreaming consciousness with evidence accumulation
clustering but did not succeed [308].

Shifting focus from physiological signals, several publications
have analyzed sleep on a meta-level through the examination of
hypnograms. Jouan et al. [145] applied a multinomial mixture

model to analyze sleep stage decisions made by multiple
experts, allowing them to estimate the uncertainty in manual
scoring for each epoch, highlighting ’grey areas’ in sleep staging.
Similarly, Bentrup [309] utilized single linkage clustering to
identify grey areas in the predictions from automated sleep
staging systems. This approach was proposed as a quality
assurance method to enhance the reliability of automated sleep
staging outcomes. Alvarez and Ruiz [154] developed an HMM
based on hypnograms to model the transitions between different
sleep stages. Using the hypnograms of 875 participants, they
calculated the transition probabilities between sleep stages,
providing a probabilistic framework to better understand the
dynamics of sleep stage progression.

Generative machine learning methods have been applied in
sleep research to improve the representation of EEG signals
[310] or generate artificial sleep EEG [169]. Kumi et al.
[166] applied a Gaussian copula model to generate synthetic
sleep data that mimics longitudinal smartwatch measurements,
capturing realistic sleep patterns. Shahid et al. [140] uses PCA
to generate interactive visualizations of respiratory signals.
Fernandes et al. [165] took a more conceptual approach, using
the KANTS clustering algorithm to create art from sleep
EEG signals, demonstrating a novel intersection between sleep
research and creative data representation.

Discussion
Contribution of Unsupervised Machine Learning
The review showed that unsupervised machine learning has a
significant contribution to sleep research. The 356 publications
on unsupervised machine learning in the field of sleep research
cover a wide range of sleep-related research areas. This showed
that sleep research can gain a lot more from unsupervised
machine learning than only sleep staging. The current state and
aim of unsupervised machine learning is, in most applications,
to improve and simplify the work of the human expert
but not fully replace them. The review showed the most
common ways of simplifying the process of sleep staging,
for example, with clustering algorithms to group similar
patterns in sleep data automatically, reducing the need for
manual annotations. Additionally, dimensionality reduction
techniques were employed to condense high-dimensional data
into interpretable formats, facilitating quicker insights without
significant loss of information. Unsupervised learning can be
used to improve the accuracy of supervised machine learning
methods, for example with feature extraction or clustering the
training set beforehand.

Limitations in Existing Research
Bridging the gap between sleep expertise and machine learning
expertise is necessary to create meaningful applications. The
expertise of a sleep researcher is needed to fully understand the
data to ensure the application has a meaningful contribution
for them. The expertise of the machine learning engineer is
needed to decide which methods can be considered and how to
implement them. We aimed to bring both parties on the same
page and start a discourse about unsupervised machine learning
in sleep research.

Public Data Sets

The review revealed a clear trend of many publications relying
on the same datasets, with the Sleep-EDF dataset being the
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ValueMetricDuration#Data TypeMethodReference
--Daytime experiment17EEGDynamic ClusteringShi and Lu, 2008 [311]
--Daytime experiment16EEGExtended Graph Factorization ClusteringShi et al., 2007 [312]
0.03 - 0.11Equal error rate Overnight6Audio of speechGaussian Mixture ModelStaroniewicz, 2021 [289]
1Accuracy--EEGK-MeansRajini et al., 2018 [313]
--Daytime experiment1EEGK-MeansYin et al., 2011 [314]
--Overnight12EEGK-MeansGurudath et al., 2014 [315]
0.93AccuracyDaytime experiment4Facial expressionsK-MeansRezaee et al., 2013 [90]

0.92SensitivityDaytime experiment34ECG and EEGMultivariate Statistical Process Control using 
PCAFujiwara et al., 2019 [157]

0.96AccuracyDaytime experiment10EEGProbabilistic Principal Component AnalysisLi et al., 2008 [316]
0.88SensitivityDaytime experiment20ECGSelf-attention AutoencoderFujiwara et al., 2023 [121]
-NoneDaytime experiment11EEGSelf-organising Map NetworkSommer et al., 2001 [317]
0.77AccuracyDaytime experiment7EEGSelf-organising Map NetworkNoori et al., 2016 [318]
0.84AccuracyDaytime experiment50Wireless EEGSubtractive Fuzzy ClusteringWali et al., 2013 [112]
--Longitudinal tracking95Air quality sensorVAE and skip-GANChung and Kim 2020 [111]
0.91AUCDaytime experiment8EEGPCAAyyagari et al., 2021 [153]
0.89AccuracyDaytime experiment30Video and car metricsFuzzy Subtractive ClusteringBoyraz et al., 2008 [148]
0.97AccuracyOvernight16EEGClustering Variational Mode DecompositionDutta, Kour and Taran, 2020 [319]

0.85 - 0.87AUCDaytime experiment40Facial expressions and car metricsHMM, PCA, K-Means, Hierarchical 
ClusteringSchwarz et al., 2023 [91]

0.367Spearman's Correlation 
CoefficientsDaytime experiment915Audio of speechRecurrent AutoencoderAmiriparian et al., 2020 [290]

0.82AccuracyDaytime experiment14ECGK-Means as Part of a Radial Basis Function 
Neural Network

Maftukhaturrizqoh et al., 2019 
[320]

--Overnight20Eye and face tracking, ECG and EDA Gaussian Mixture ModelDaley et al., 2022 [136]

0.75AUCDaytime experiment10EEGICAHsu et al., 2017 [321]
----EEG and EOGNoisy Component Extraction AlgorithmLeong and Mandic, 2008 [322]

Table 9. Publications on Drowsiness

most commonly used [323]. While the Sleep-EDF dataset
has been widely used to train and test machine learning
models, it is important to critically assess its limitations.
Collected in the 1980s, this dataset consists predominantly of
healthy, young Caucasian individuals, which raises concerns
about its representativeness and applicability to broader, more
diverse populations. Especially in clinical applications, where
classification performance can have direct consequences on the
diagnosis, it is important to consider a diverse population in
the training set to create a machine learning model that is
equally reliable for patients of all ages, genders, and races [324].
Therefore, although it is used as a benchmarking standard
for comparing sleep staging performance, this reliance on a
single, outdated dataset limits the generalizability of findings.
Additionally, the focus on incremental performance gains, often
in the form of small percentage improvements in sleep staging
accuracy, suggests that sleep staging may already be a solved
problem from a machine learning perspective. These marginal
improvements lack significant clinical relevance, as they may
not be meaningful for real-world sleep health outcomes.

Population Characteristics

The same diversity issue arises for people with sleep disorders.
The review showed that the majority of sleep staging models
are validated primarily on healthy participants, despite the fact
that individuals with sleep disorders are the population most
in need of accurate and reliable sleep staging. More than half of
the publications on automatic sleep staging rely on data from
healthy participants only, limiting their clinical applicability to
the general population. This focus on healthy populations may
be due to the availability of clean, easily accessible datasets and
the inherent challenges in working with disordered sleep data,
which can be more variable and difficult to model. However,
this practice leaves a critical gap in sleep research, as models
that perform well on healthy individuals may not generalize

effectively to those with conditions like insomnia, sleep apnea,
or other disorders. For future advancements in sleep staging to
have a clinical impact, models must be validated on diverse
populations, including those with sleep disorders, to ensure
their effectiveness in real-world clinical settings.

Clinical Usefulness of Evaluation

In order to overcome these limitations, we are in need of
a public data set that covers a broad population range.
This data set should be complemented by an open-access
and peer-reviewed data descriptor that clearly describes the
data set and the characteristics of the population as well
as guiding the evaluation procedure to ensure comparability
between publications. Standards for a common evaluation
procedure should be designed in a way that shows that the
application of unsupervised machine learning makes sense in a
clinical context. It should be given that publications aiming to
contribute to sleep monitoring, should also test their methods
on a whole night sleep recording. Still, multiple publications
tested their applications only on short-time recordings during
the day. Surprisingly, many applications evaluated their model
only on the data of a a single subject. Another common
flaw is training the models on 80% of the recording of all
participants and then testing the models on the remaining
20% of their recording. This form of evaluation includes data
from each participant in the training, which does not reflect
the generalizability to completely new participants. Therefore,
we suggest a test set including participants of different ages,
genders, and pathologies for a comparable and generalizable
evaluation.

Limitations of the Review
One limitation of the review is the lack of comparability
between studies. However, we intentionally sacrificed this
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comparability to widen the scope of included studies. Therefore,
our review provides a broad analysis of how unsupervised
machine learning has been used in sleep research but does
not allow any conclusion regarding their accuracy, efficacy,
or practical implementation. A traditional review with meta-
analysis, would be feasible if we had focused on one type of
study. However, we aimed to create an overview of all different
forms of research publications within this field. For this reason,
we did not analyze any effects and did not do a bias assessment.
In any case, the exploratory nature of our review may serve as
an initial step for future meta-analyses of unsupervised machine
learning in sleep research, both by our groups and by others.

New Pathways for Sleep Research
By mapping out the entire body of literature on unsupervised
learning in sleep research, gaps in sleep research areas became
visible. Comparing the number of publications by the sleep
disorders they aim to analyze, diagnose, or treat showed a
high imbalance. 80 publications were working on topics related
to sleep-disordered breathing, including OSA and snoring.
Only 19 papers in total considered other sleep disorders and
related neurological conditions, including sleep-related epilepsy,
insomnia, RBD, PLMS, and RLS. Even though sleep apnea is
a highly prevalent and serious sleep disorder, this imbalance
does not seem proportional. Furthermore, other sleep disorders
such as narcolepsy, circadian rhythm disorders, sleep terrors,
somnambulism, or bruxism have not been approached with
unsupervised machine learning at all. This may stem from
varying knowledge about these disorders, diagnosis ways, and
treatment options. For this reason, some of these disorders
might have lower demands or no demand for technological
support in either of these steps, leading to an imbalance
in research. The lack of machine learning-based research on
these disorders, may also be lower availability of sleep data
from affected individuals. Lastly, this imbalance might also
stem from a bias towards disorders with greater commercial
potential, such as sleep apnea, which is widely recognized and
has a clear market for diagnostic tools and treatments like
CPAP machines. The lack of attention to a broader range of
sleep disorders points to a need for more balanced research
efforts that address a wider spectrum of sleep conditions,
particularly those that remain under-represented despite their
prevalence and impact on sleep health. We suggest filling
these gaps by exploring applications of unsupervised machine
learning targeting specifically underrepresented sleep disorders.

Generative machine learning models, association rules,
and unsupervised domain adaptation are methods with little
research thus far and an increasing number of publications in
recent years. Generative machine learning models experienced
large technological advancements, which led to an increased
interest in these methods in the general population. We
showed that only 7 publications used generative models in
sleep research so far. These publications were, for example,
used to visualize [129] and generate artificial sleep data [169].
There were only 7 applications of association rules, of which
6 were used for explorative analysis of clinical data sets. It
would be an interesting research direction to apply them to
different data types, similar to how it has been done with
respiratory event scoring [159]. In other medical fields, this
method has been used to detect risk factors contributing to
a specific condition [325, 326]. Another promising method is
the unsupervised domain adaptation, which allows us to apply
a machine learning model to sleep data we have no or little

access to and train the model on a similar data set. This method
has, for example, been used for combining MRI data from
different centers [327]. We suggest exploring these methods
further, which could ultimately reveal new pathways for sleep
research.

Conclusion
This scoping review illustrated the diversity of research
related to the use of unsupervised machine learning for
analyzing sleep and sleep disorders. The various forms of data
collection efforts and machine learning methods identified in
this scoping review showed that unsupervised machine learning
is already an important and embedded part of modern sleep
research. Furthermore, our findings show the potential for novel
applications in the future by outlining particular pathways
that could be of significance for sleep. When analyzing the
chronological rise in the number of publications that utilize
unsupervised machine learning in sleep research, we can see
that the interest is growing rapidly, especially in less-known
unsupervised learning methods. This clearly illustrates that
unsupervised machine learning research is on the rise, and
although its uptake has not yet reached the same heights
as supervised machine learning, the tables are turning. This
confirms LeCun, Bengio, and Hintons [1, p.7] prediction that
unsupervised machine learning may gain greater impact and
importance in the long term. Their words, "We discover the
structure of the world by observing it, not by being told the
name of every object," apply to sleep research as well since
unsupervised machine learning allows for the direct discovery
of sleep by observing it.
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Appendix 1

ValueMetricDuration#PopulationData SetData TypeRoleMethodReference

0.98Accuracy1 night108OSA patients and 
control groupCAP databaseEEGClassificationAdaptive Memory Network With 

Self-supervised Learning Zhang et al., 2023 [156]

--1 night1Adults with mild sleep 
difficultySleep-EDFEEGClassificationAdaptive Fuzzy ClusteringChao et al., 2006 [328]

0.81 -
0.82Accuracy1 night21Healthy adultsMIT-BIH and self-

collected ECGPre-classificiation 
Clustering

Adaptive Multicodebook Fuzzy 
Neuro Generalized Learning with 
Decision Tree-based Clustering

Hermawan et al., 2013 
[122]

0.81Accuracy1 night6Healthy adultsSelf-collectedEEGTrain Set ClusteringArtificial Immune ClusteringDursun et al., 2012 [329]

0.71
Fowlkes-
Mallows
score

1 night30Healthy adultsSleep-EDFEEGClassificationAutoencoder and LDA Topic ModelPrabhudesai, Collins and 
Mainsah, 2019 [330]

0.94Accuracy1 night200Suspected sleep 
disorders 

Day Kimball Hospital 
datasetEEGClassificationCollective Dynamical Modeling 

ClusteringWang et al., 2014 [331]

0.87Accuracy1 night41SDB patientsUCD and MIT-BIHEEGClassificationComplex-Valued Unsupervised 
Convolutional Neural NetworkZhang et al., 2018 [332]

0.74Accuracy1 night6Healthy adultsSleep-EDFEEGClassificationDensity-Distance-based K-MeansYu et al., 2019 [333]

0.83Accuracy1 night3Healthy adultsSleep-EDFEEGClassificationEmpirical Mode Decomposition and 
K-MeansZheng et al., 2020 [334]

0.93Accuracy1 night61Healthy adultsSleep-EDFEEGTrain Set ClusteringExpectation Maximization AlgorithmMporas et al., 2015 [185]

0.92Accuracy1 night24Healthy adultsCairo Center for Sleep 
DisordersEEGClassificationFuzzy C-Means ClusteringObayya and Abou-Chadi, 

2014 [335]

0.81Accuracy1 night5Healthy adultsSelf-CollectedEEGClassificationFuzzy C-Means ClusteringRaiesdana et al., 2013 
[336]

0.73F1 Score1 night25OSA patientsUCDEEGFeature ExtractionFuzzy C-Means ClusteringYulita et al., 2017 [337]
0.9Accuracy3-4 nights12-Self-collectedEEGClassificationFuzzy C-Means ClusteringKumar, 1977 [51]
--1 night10Healthy adultsSelf-collectedEEGClassificationFuzzy C-Means ClusteringGath et al., 1989 [53]

--1 night8Healthy and sleep 
disordered adultsSelf-collectedEEGClassificationFuzzy C-Means ClusteringGath et al., 1994 [56]

--1 night1Healthy adultsSleep-EDFEEGClassificationFuzzy C-Means ClusteringChao et al., 2006 [339]
0.85Accuracy----EEGTrain Set ClusteringFuzzy Few Samples ClusteringYin et al., 2021 [184]

--25 min1--EEGClassificationFuzzy Neighborhood and Density-
based Spatial Clustering

Nasibov et al., 2010 
[340]

--1 night-Healthy adultsSelf-collectedEEG, EOG and EMGClassificationFuzzy Subset Theory and Optimal 
Fuzzy PartitionGath et al., 1980 [54]

0.89Accuracy3 hours50-Sleep-EDFEEGClassificationGaussian Mixture ModelRajalakshmi et al., 2018 
[341]

0.72 -
0.90Accuracy1 night7Healthy adultsSIESTA databaseEOG and EEGClassificationGaussian Mixture ModelKoivuluoma et al., 2000 

[342]

0.79Cohen's 
Kappa1 night10healthy adultsSelf-collectedEEGClassificationGaussian Mixture ModelGarcia-Molina et al., 

2013 [343]

0.89Accuracy1 night37Suspected sleep 
disorders UCDEEGClassificationGaussian Mixture Model Acharya et al., 2010 

[344]

0.87Accuracy1 night61Healthy adultsSleep-EDFxEEGClassificationGaussian Mixture ModelRajalakshmi et al., 2018 
[345]

0.84Accuracy1 night20Healthy adultsSleep-EDFxEEGPre-classificiation 
Clustering

Gaussian Mixture Model and K-
MeansGuo et al., 2023 [346]

0.88Accuracy1 night15Healthy adultsSelf-collectedEEG, EMG and EOGEnsemble BuildingHierarchical ClusteringLajnef et al., 2015 [347]

--1 night10NewbornsSelf-collectedEEG, EOG, EMG, 
ECG and RespirationClassificationHierarchical ClusteringGerla et al., 2009 [348]

0.80Accuracy1 night-Healthy adultsSelf-CollectedEEGClassificationHierarchical Clustering Escola et al., 1991 [58]

0.88F1 Score1 night36Insomniacs and 
healthy adultsSelf-collectedEEG, EOG and EMGClassificationHierarchical Clustering with Ward's 

AlgorithmGerla et al., 2019 [349]

--1 night2-Self-collectedEEGClassificationHybrid Hierarchical ClusteringGerla et al., 2018 [350]
--4 hours-Healthy adultsSelf-collectedEEGClassificationIsodata ClusteringLarsen et al., 1980 [60]

0.73Accuracy1 night40Healthy adults and 
RBD patients

Sleep-EDF and CAP 
databaseEEGClassificationIterative Binary ClusteringKazemi et al., 2022 [351]

0.80Accuracy1 night39Healthy adultsPhysionetEEGClassificationJ Means ClusteringRodríguez-Sotelo et al., 
2014 [352]

0.73Accuracy1 night20Healthy adultsSelf-collectedEEGClassificationJ-Means+ ClusteringRodríguez-Sotelo et al., 
2017 [353]

0.64 -
0.76Accuracy1 night3-CAP database EEGClassificationK-Means ClusteringShao et al., 2017 [354]

0.82Accuracy1 night39Healthy adultsPhysionetEEGClusteringK-Means ClusteringWang et al., 2019 [355]

--1 night12Teenagers
Cleveland Children's 
Sleep and Health 
Study

EEGClassificationK-Means ClusteringDecat et al., 2022 [356]

0.92Accuracy2 night25Healthy and sleep 
disordered adultsUCDEEGClassificationK-Means ClusteringDiykh et al., 2016 [357]

0.80Accuracy1 night12Healthy and sleep 
disordered adultsSelf-CollectedEEGClassificationK-Means ClusteringAgarwal et al., 2001 

[358]
--20 min -2 hours20NewbornsSelf-collectedECGClassificationK-Means ClusteringKrajca et al., 2018 [187]

Table 10. Publications on Sleep Staging Pt.1
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ValueMetricDuration#PopulationData SetData TypeRoleMethodReference

0.82Accuracy1 night5Healthy adultsSelf-collectedEEGWeighting FeaturesK-Means ClusteringGüneş et al., 2010

0.81Accuracy1 night--Sleep-EDFxEEGFeature ExtractionK-Means ClusteringXu et al., 2021

0.97Accuracy1 night8Healthy adultsSleep-EDFEEGFeature ExtractionK-Means ClusteringAl-Salman et al., 
2023

--1 night25Suspected SDB UCDEEGClassificationK-Means ClusteringFadhlullah et al., 
2018

0.75 -
0.97Accuracy1 night5Healthy adultsSelf-collectedAccelerometerClassificationK-Means ClusteringPan et al., 2022

0.61Cohen's 
Kappa1 night10Healthy adultsSelf-collectedEEG 

SpectrogramsClassificationK-Means ClusteringKoupparis et al., 
2014

--1 night1-Self-collectedEEGClassificationK-Means ClusteringVan Hese et al., 
2001

0.75
Fowlkes-
Mallows
score

1 night30Healthy adultsSleep-EDFEEGClassificationLatent Dirichlet Allocation and Gaussian 
Mixture Model

Prabhudesai et al., 
2018

--1 night1Healthy adultsSelf-collectedAccelerometerClassificationMK-Means ClusteringPan et al., 2021

--1 night1Healthy adultsSelf-collectedEEGClassificationOptimal Fuzzy ClusteringGath et al., 1989

0.79Match 
Ratio 1 night1Healthy adultsSelf-collectedEEGClassificationSelf-Organizing MapKatayama et al., 

1995
0.7Accuracy2 nights19Healthy adultsSleep-EDFxEEGClassificationSemi-Supervised Gaussian Mixture ModelMunk et al., 2018

0.96Accuracy1 night16Healthy adultsSleep-EDF and MONS-
TCTSEEGClassificationStructural Graph Similarity and K-MeansDiykh et al., 2016

0.91Accuracy20 hours20
Healthy adults and 
adults with mild 
difficulty falling asleep

Sleep-EDFEEGClassificationProportion-based ClusteringTian et al., 2017

--2 Or 3 nights5Healthy adultsSelf-collectedEEGClassificationTime-Dependent Fuzzy ClusteringGath et al., 1983

0.75Accuracy1 night17Healthy adultsCAP database EEGSeparate 
Components

Adaptive Mixture Independent Component 
AnalysisHsu et al., 2018

0.99Accuracy1 night153Healthy adultsSleep-EDFEEGClassificationAutoencoderSohaib et al., 2022
--1 night68Healthy adultsSelf-collectedEEGFeature ExtractionAutoencoderMetzner et al., 2022
0.87Accuracy2 nights20Healthy adultsSleep-EDFEEGReconstructionAutoencoderDutt et al., 2022

0.53 -
0.67Accuracy1 night462

Various cohorts with 
and without sleep 
disorders

Sleep-EDF, SHHS and 
DOD-OEEGFeature ExtractionAutoencoderLerogeron et al., 

2023

0.84Accuracy1 night20Healthy adultsSleep-EDFEEGPretrainingAutoencoderKim et al., 2024

0.95Accuracy1 night994-PhysioNet
EEG, EMG, ECG 
and Respiratory 
Signals

Feature ExtractionAutoencoder, Principal Component 
Analysis and Factor AnalysisTăuţan et al., 2021

0.98Accuracy--
Healty adults and 
adults with various 
pathologies

Self-collectedEEGFeature ExtractionCanonical Correlation AnalysisMoeynoi et al., 
2019

0.80Accuracy1 night25Suspected SDB UCDEEGClassificationCollaborative RepresentationShi et al., 2015

0.91Accuracy1 night8Healthy adults and 
sleepy adultsSleep-EDFEEGFeature ExtractionComplete Ensemble Empirical Mode 

Decomposition
Sheykhivand et al., 
2018

0.86Accuracy1 night20Healthy adultsSleep-EDFEEGClassificationContrastive LearningMai et al., 2021
0.81Accuracy1 night--Sleep-EDFEEGClassificationContrastive LearningZhang et al., 2024
0.80Accuracy1 night120Healthy adultsSleep-EDF and ISRUCEEGClassificationContrastive LearningChang et al., 2022

0.72 -
0.87Accuracy

Varying 
Numbers Of 
nights

10882Healthy adultsSleep-EDF, SHHS and 
MGH datasetEEGFeature ExtractionContrastive LearningYang et al., 2023

0.81Accuracy1 night105Suspected Sleep 
Disorders Self-collectedInfrared VideoClassificationCross-Modal Contrastive Hashing 

Retrieval Han et al., 2022

0.80Accuracy2-3 hours29NewbornsEEGdat datasetEEGClassificationDeep AutoencoderFraiwan et al., 2017
0.75F1 score1 night25Sleep disordered adultsUCDEEGFeature ExtractionDeep Belief NetworkYulita et al., 2017

0.83Accuracy1 night19Healthy adultsSelf-collectedChest Strap and 
AccelerometerFeature ExtractionDeep Belief NetworkReimer et al., 2018

0.84 -
0.88 Accuracy1 night217-Sleep-EDF and self-

collectedEEGClassificationDeep Belief Network with Restricted 
Boltzmann Machines Duan et al., 2021

0.96F1 Score1 night--Sleep-EDFEEGClassificationDeep Boltzmann MachineHassan Shah MZ et 
al., 2023

0.77Accuracy1 night158Healthy adults and 
SDB patients

CAP database, UCD and 
self-collectedECGClassificationDeep Stacked AutoencoderMendonça et al., 

2019

--1 night392Healthy adultsSHHSEEGFeature ExtractionFast Bootstrap Principal Component 
AnalysisFisher et al., 2016

--1 night1Healthy adultsSelf-Collected3D cameraSignal ProcessingIndependent Component AnalysisFalie et al., 2010
--1 night5736healthy adultsSHHSEEGClusteringLatent Dirichlet AllocationChen et al., 2021
--1 night4Healthy adultsSleep-EDFEEGClassificationLocal Linear EmbeddingLopour et al., 2011
0.78 -
0.81Accuracy1 night404Healthy adultsSleep-EDF, SHHSEEGClassificationMulti-View Self-Supervised MethodKumar et al., 2022

0.90Accuracy1 night61-Sleep-EDFEEG, EOGFeature ExtractionNeighboring Component AnalysisSavareh et al., 2018

0.91Accuracy1 night9ICU patientsSelf-collectedEEG, EMG and 
EOGFeature ExtractionOrthogonal Locality Sensitive Fuzzy 

Discriminant Analysis 
Khushaba et al., 
2010

0.90Accuracy1 night1Healthy adultsPhysionetEEGFeature ExtractionPrincipal Component Analysis and 
AutoencoderMao et al., 2022

0.34 -
0.97Accuracy---PhysioNetEEGFeature ExtractionPrincipal Component AnalysisVural et al., 2010

−0.21
General
Discriminat
ion Values

1 night68Healthy adultsSelf-collectedEEGFeature ExtractionPrincipal Component AnalysisMetzner et al., 2023

Table 11. Publications on Sleep Staging Pt.2
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ValueMetricDuration#PopulationData SetData TypeRoleMethodReference

0.68Sensitivity1 Week36Healthy adultsSelf-collectedEEGClassificationQuaternion-Based Singular Spectrum 
Analysis

Enshaeifar et al., 
2016

0.85Accuracy1 night150Healthy adultsSleep-EDF and UCR 
ArchiveEEGClassificationRecurrent AutoencoderPetrova et al., 2023

0.58 -
0.71  Accuracy1 night139Healthy adults and 

SDB adultsSleep-EDF and ISRUCEEGClassificationSelf-supervised Representation LearningYe et al., 2022

0.63Accuracy7-14 nights39Healthy adultsSelf-collectedAccelerometer 
and PPGClassification

Self-supervised Temporal Feature 
Learning with Autoencoder and Gaussian 
Mixture Model

Ramnath and 
Katkoori, 2020

0.09 -
0.2Error rate2 night2OSA patients-EEGClassificationSequential Independent Analysis Mixture 

ModelsSalazar et al., 2010

0.99Accuracy1 night-Healthy adultsSleep-EDFEEGClassificationSparse Autoencoder With Smoothed 
RegularizationDutta et al., 2023

0.91Accuracy1 night25SDB patientsUCDEEGClassificationSparse Deep Belief NetZhang et al., 2016
0.94 -
0.96Accuracy1 night40Healthy adultsSHHS and ISRUCEEG and ECGClassificationStacked AutoencoderVaezi and Nasri,  

2023
0.77Accuracy1 night18Healthy adultsMIT-BIH EEGPretrainingStacked AutoencoderWei et al., 2018
0.86 -
0.96Accuracy1 night18-MIT-BIHEEG and ECGClassificationStacked AutoencoderTripathy et al., 2018

0.78Accuracy1 night20Healthy adultsPhysionetEEGClassificationStacked Sparse AutoencoderTsinalis et al., 2016
0.82Accuracy1 night9Healthy adultsISRUC-SleepEEGClassificationStacked Sparse AutoencoderNajdi et al., 2017
0.77Accuracy1 night6Healthy AdultsSleep-EDFEEGClassificationSymmetric Convolutional Neural NetworkWang et al., 2019

0.83Accuracy
1 night and 
Short Time 
Measurement

3323OSA patients and 
healthy adults

Physionet Challenge 2018 
dataset and TUH 
Abnormal EEG dataset

EEGClassificationTemporal Context Prediction and 
Contrastive Predictive CodingBanville et al., 2021

0.68Accuracy1 night41Healthy adultsUCD and MIT-BIHEEGFeature ExtractionVariational AutoencoderChen et al., 2020
0.76Accuracy1 night45Healthy adultsSHRSV databaseHRVClassificationGibbs SamplingTakeda et al., 2015

0.77 -
0.83Accuracy1 night42

Healthy adults and 
slightly sleep 
disordered adults

Sleep-EDFxEEGClassificationDiffusion Map, Alternating Diffusion and 
Hidden Markov ModelLiu et al., 2021

0.86Accuracy1 night16Newborns
NICU of the University 
Hospitals, Leuven, 
Belgium

EEGClassificationHidden Markov Model and Gaussian 
Mixture ModelPillay et al., 2018

0.7Cohen's 
Kappa1 night22Healthy adultsPhysionetEEGClassificationHidden Markov ModelYaghouby et al., 

2014

0.79 -
0.82Accuracy1 night16Newborns

NICU of the University 
Hospitals, Leuven, 
Belgium

EEGPost processing
Hidden Markov Model and Modified 
Graph Clustering Ant Colony 
Optimization)

Ghimatgar et al., 
2020

0.432F1 Score1 night242Healthy adultsWestern Australian 
Pregnancy Cohort Study

Smartwatch 
AccelerometerClassificationHidden Markov Models snd Generalized 

Linear Mixed Models
Trevenen et al., 
2019

0.60Accuracy---MIT-BIHEEGClassificationK-Means Segmental HmmRossow et al., 2011

0.25Error rate1 night5Healthy adultsSelf-collectedEEGClassificationMaximum A Posteriori EstimationRiazy et al., 2017

0.79Accuracy1 night400Patients with SDBSelf-collected

Tracheal sound 
sensor, Heartrate, 
RIP belts, Flow 
and SpO2

ClassificationViterbi Hidden Markov ModelVanbuis et al., 2022

0.07 -
0.27

Accuracy 
Improveme
nt

1 night282
Various cohorts with 
and without sleep 
disorders

Surrey-cEEGrid dataset, 
Dreem-Headband dataset, 
Leuven-CBTE-46 and 
MASS

EEGDomain AdaptionAdversarial Domain AdaptationHeremans et al., 
2022

0.77 -
0.83Accuracy1 night67SDB patientsUCD and Sleep-EDFEEGClassificationCompetition Convolutional Neural 

NetworkZhang et al., 2021

0.85Accuracy1 night96Healthy adultsSleep-EDFEEGDomain AdaptionConditional and Collaborative Adversarial 
Domain AdaptationZhao et al., 2021

0.701Accuracy1 night20Healthy adultsSleep-EDFEEGClassificationContrastive LearningXiao et al., 2021

0.973Accuracy1 night197Healthy adultsPhysiobankEEG, EOG and 
EMGClassificationContrastive Predictive CodingRen et al., 2022

0.80Accuracy1-2 nights41Healthy adults and 
sleep disordered adults

Sleep-EDFx and self-
collectedEEGDomain AdaptionDomain Adversarial Neural Networks and 

Domain Self-AttentionGao et al., 2023

0.81Accuracy1 night6399
Various cohorts with 
and without sleep 
disorders

MASS, SHHS, Sleep-
EDF, UCD and HSFUEEGDomain AdaptionDomain Statistics AlignmentFan et al., 2022

0.94Accuracy1 night4
Healty adults and 
adults with various 
pathologies

Physionet, MASS and 
Sahloul hospitalEEGClassificationHierarchical Multi-Agent SystemAmor et al., 2022

0.89Accuracy1 night163Healthy adultsSleep-EDFx and ISRUCEEGFeature ExtractionSelf-Supervised Learning with Attention-
Aided Positive PairsLee et al., 2022

0.83Accuracy1 night20Healthy adultsSleep-EDFEEGClassificationSemi-Supervised Meta LearningLi et al., 2023

0.77Accuracy1-2 nights145Healthy adultsSleep-EDF andMASSEEGFeature ExtractionTemoral Contrastive TasksBanville et al., 2019

0.52 -
0.14

Improved 
Accuracy1 night311

Various cohorts with 
and without sleep 
disorders

SLEEP-EDF, SHHS, and 
ISRUC-SleepEEGDomain AdaptionTime-Series Domain AdaptationLuo et al., 2023

0.03
Accuracy 
Improveme
nt

1-2 nights220Sleep-EDF, SHHS and 
PhysionetEEGDomain AdaptionUnsupervised Domain AdaptationHe et al., 2023

0.49 -
0.93Accuracy1 night242

Various cohorts with 
and without sleep 
disorders

MASS, Sleep-EDF and 
Sleep-EDF-stEEGDomain AdaptionUnsupervised Domain AdaptationYoo et al., 2022

0.74Accuracy1 night106Healthy and sleep 
disordered adults

Sleep-EDF,  SHHS-1 and 
SHHS-22 EEGDomain AdaptionUnsupervised Domain AdaptionEldele et al., 2023

0.84Accuracy---Sleep-EDFEEGClassificationUnsupervised Long Short-Term Memory 
and Contrastive Transformer-based ModelZou et al., 2022
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Abstract
Identifying mouth breathing during sleep in a reliable, non-invasive way is challeng-
ing and currently not included in sleep studies. However, it has a high clinical rel-
evance in pediatrics, as it can negatively impact the physical and mental health of 
children. Since mouth breathing is an anomalous condition in the general population 
with only 2% prevalence in our data set, we are facing an anomaly detection prob-
lem. This type of human medical data is commonly approached with deep learning 
methods. However, applying multiple supervised and unsupervised machine learn-
ing methods to this anomaly detection problem showed that classic machine learn-
ing methods should also be taken into account. This paper compared deep learning 
and classic machine learning methods on respiratory data during sleep using a leave-
one-out cross validation. This way we observed the uncertainty of the models and 
their performance across participants with varying signal quality and prevalence of 
mouth breathing. The main contribution is identifying the model with the highest 
clinical relevance to facilitate the diagnosis of chronic mouth breathing, which may 
allow more affected children to receive appropriate treatment.

Keywords Anomaly detection · Sleep · Machine learning · Mouth breathing

1 Introduction

The rise of machine learning in sleep research is already revolutionizing the diag-
nosis of sleep disorders (Arnardottir et  al 2021) with the automatic classification 
of sleep stages (Korkalainen et  al 2019) and the detection of respiratory events 
(Huang and Ma 2021). Machine learning as a part of sleep research and clinical 
practice can reduce the manual effort of physicians and sleep technologists and 
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increase the well-being of the patient through more precise diagnosis and less inva-
sive sleep measurements (Biedebach et al 2023). Acquiring labels for one night of 
sleep recording requires 2–3 h of manual review by a sleep technologist who is an 
expert in the field, which is both time-consuming and expensive (Arnardottir et al 
2022). Some potentially important events during sleep, such as mouth breathing, 
are often not labeled at all. Mouth breathing is a particular problem for children, 
since they may face developmental issues if they breath through their mouth dur-
ing sleep, at an early age (Gozal 1998). Children with sleep-disordered breathing 
can suffer from serious long-term implications if their condition is not recognized 
and appropriately treated (Marcus 2001). In fact, chronic mouth breathing can lead 
to obstructive sleep apnea (Izu et al 2010), learning disorders, (Fensterseifer et al 
2013) and a malformation of the child’s jaw area (Denotti et al 2014). The task of 
identifying mouth breathing with machine learning is challenging, since we are fac-
ing an anomaly detection problem. Healthy children usually breathe through their 
nose, which makes mouth breathing an anomalous behavior (Lee et  al 2015). In 
this paper, we analyze mouth breathing of children, in a highly imbalanced data set, 
which included only few mouth breathing sequences because most of the children 
did not breathe through the mouth at all. From the 20 labeled recordings, the child 
with the highest duration of mouth breathing had a total length of 1980 s or 33 min 
of mouth breathing in a night with 10 h of sleep. Overall, the data set that has only 
2.4% positive examples. Therefore, we assume that mouth breathing is an anomaly. 
In this paper, we aimed to reduce the manual effort for identifying mouth breathing 
in order to enable a more efficient diagnosis of the condition, which will hopefully 
enable more children to receive treatment before these health implications surface. 
There are two central challenges to identifying mouth breathing. Firstly, even for the 
sleep technologist, it is difficult to make a clear distinction between mouth and nose 
breathing, since the boundary is blurred. In general, there is no mouth breathing, 
if the mouth is closed and the air is solely flowing through the nose. However, the 
same generalization is not valid for the other way around; air can flow both through 
the nose and the mouth when there is mouth breathing (Koutsourelakis et al 2006). 
Secondly, it is challenging to acquire a sufficient amount of labeled mouth breathing 
events, since mouth breathing is an anomalous behavior in the healthy population 
and they are usually not labeled. As a result, the labeled recording might include 
only a few or no mouth breathing events at all.

When approaching this type of human medical data with machine learning, dif-
ferent rules than for tabular data apply. We need to consider that each training exam-
ple is a breathing sequence that belongs to a certain unique individual. This impacts 
both the training and testing of the machine learning model. Splitting the data with 
a common random train test split, could lead to a data leakage problem during the 
model training. Peralta et al (2021) show in a systematic review in machine learn-
ing for deep brain stimulation, that more than half of the papers in this field do not 
do a patient-wise validation. Therefore, we created the train, test and validation set 
by separating the data by participants as shown by Oner et al (2020). This is in line 
with the practical aspects of implementing the machine learning model in clinical 
practice, where the data of a new patient is fully separated from the data the model 
was trained on. The same logic holds for the evaluation of a machine learning model 
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with human medical data. Evaluating the performance of the model on participants 
separately can reveal whether the model performance varies among different groups 
of participants with certain characteristics and whether the model can generalize on 
all patients.

In this paper, we aimed to find the best way to predict pediatric mouth breathing 
during sleep by comparing different supervised and unsupervised machine learning 
models. The data set included sleep recordings of 111 participants using oronasal 
cannulas. We transformed the data set, by first splitting the full sleep recordings 
into 10-second subsequences. We trained the model on multiple signals of the sleep 
recordings including thorax and abdomen movement, oral pressure, nasal pressure, 
blood oxygen saturation, heart rate, audio volume and position. We tested the model 
using a leave-one-out cross validation and chose the model with the highest clinical 
relevance. The main contributions of this paper are three-fold: (i) to illustrate the 
challenges and required preprocessing steps for applying machine learning to sleep 
data, (ii) to identify the models with highest clinical value, and (iii) to contribute to 
the discourse of when deep learning is needed and when simplicity is key.

Our work makes an important contribution to the field of sleep research, as 
we show that mouth breathing during sleep can be automatically identified with 
machine learning, which allows a faster diagnosis of mouth breathing. Most signifi-
cantly, our work contributes to machine learning as we show the challenges of work-
ing with human medical data and outline a sensible preprocessing, training and eval-
uation method to counteract them. Importantly, we approached this problem with 
different machine learning methods, including a naive baseline, a classic machine 
learning model, time series classifiers, deep learning models and an unsupervised 
anomaly detection method. Evaluating these different methods in a leave-one-out 
cross validation showed their performance across the whole population and on an 
individual basis, which raised the question whether classic methods are preferable 
over deep learning for anomaly detection in sleep. The rest of this paper is organized 
as follows.

In the next section, we summarize the existing literature related to unsupervised 
anomaly detection and mouth breathing identification. Then, we describe our pro-
posed methodology for automatic detection of mouth breathing events, followed by 
a presentation of our results. The paper ends with a discussion of the implications of 
our contribution and steps for future work.

2  Related work

2.1  Time series anomaly detection

Time series anomaly detection, as a subfield of anomaly detection, has been studied 
in literature. Common application fields of anomaly detection are healthcare (Chau-
han and Vig 2015), financial fraud (Fu et al 2016), robotics (Park et al 2018) or net-
work intrusion (Leung and Leckie 2005). Literature reviews (Blázquez-García et al 
2021; Chalapathy and Chawla 2019) show the broad range of methods and applica-
tion fields of time series anomaly detection. Experimental comparisons have been 
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conducted and compare the performance of both supervised (Freeman et al 2021) 
and unsupervised (Rewicki et al 2023) anomaly detection methods on time series 
bench marking data sets. This paper did not aim to do a exhaustive experimental 
comparison as the aforementioned papers, but instead to provide a detailed under-
standing of the application of anomaly detection on sleep data and show the chal-
lenges of detecting anomalies in this type of human bio signals.

2.2  Identifying mouth breathing

The literature on automatic identification of mouth breathing during sleep is scarce. 
In the existing literature, mouth breathing is typically identified with questionnaires 
(Sano et al 2018) and direct observation (de Castilho et al 2016). Mouth breathing 
measurement is still not commonly included in a standard polysomnography record-
ing and moreover, not manually labelled as a standard practice. One reason is the 
lack of a reliable and non-invasive measurement device. An oronasal cannula can 
separate the airflow, but is easily misplaced or fully removed during sleep. An oro-
sonasal thermistor captures the oral flow by measuring the temperature above the 
mouth (Koutsourelakis et al 2006), but thermistors have a low signal quality (Sabil 
et al 2019). A specialized mask can be used to separate the breathing channels, but 
wearing the device may bias the breathing and it is not suitable for children (Hudgel 
et al 1984). Curran et al. differentiated between the breathing channels by processing 
the sound during sleep (Curran et al 2012). They applied a Fast Fourier transforma-
tion to the raw audio signal, split it into windows of of 5–15 s and trained a deep 
neural network on this input. Their work is only comparable to a certain extend, 
because their data stemmed from recordings during awake in a controlled environ-
ment where the participants were instructed to breath through their mouth or their 
nose with an airflow of 1.7 l per s. The data used in our research reflects the real-
world conditions of noisy signals and uncontrolled airflow during sleep.

3  Method

3.1  Data

This paper is based on a a comprehensive data set1 that includes paediatric sleep 
recordings, including 10–13-year-old children with parent reported sleep-disor-
dered breathing symptoms and a gender and age-matched control group. The study 
cohort consists of 111 children from the Icelandic EuroPrevall-iFAAM birth cohort 
research (Grabenhenrich et al 2020; Keil et al 2010; Sigurdardóttir et al 2021) con-
ducted at the Landspitali University Hospital. The sleep recording was done with a 
Nox Medical A1 polysomnography (PSG) device.

1 The access to this data was granted by the National Bioethics Committee of Iceland. The study was 
approved by the Data Protection Agency of Iceland and includes written consent from each child’s legal 
guardian. We cannot make the data publicly available, as is it protected by the ethical approval.
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PSG is the continuous recording of physiologic activity during sleep. The meas-
urement includes the following sensors: Electroencephalogram (EEG), electroocu-
lography (EOG), chin and leg electromyography (EMG), electrocardiography 
(ECG), pulse oximeter, microphone, electrodermal activity (EDA) sensor, and accel-
erometry measuring the movement and body position. Thoracic and abdominal res-
piratory inductance plethysmography (RIP) belts measure the inflation and deflation 
of the chest during breathing and an oronasal cannula with separate pressure out-
puts, monitors the nasal and oral airflow, respectively (Markun and Sampat 2020). 
A visualization of a PSG set up with an oronasal cannula can be seen in Fig.  1. 
The PureFlow oronasal cannula by Braebon is specially designed to capture the oral 
flow and nasal flow separately and was utilized in this study, but is not included in 
a standard PSG. The PSG was set up at the hospital by sleep technologists, but the 
participants slept at home and returned the devices the next morning (Kainulainen 
et al 2021).

Each PSG recording was approximately 8 h long, containing 84 different sig-
nals in total. We focused on the nasal and oral flow as well as the thorax and 
abdomen movement, which measured breathing or movement. Additionally, we 
included blood oxygen saturation, the audio volume, the heart rate, and body 
position in the analysis. Two exemplary sequences of the respiratory signals can 
be seen in Fig. 2, where the thorax movement is colored in light blue, the abdo-
men movement dark blue, the nasal flow dark green, and the oral flow light green. 
The top shows a typical nose breathing sequence and the bottom shows a typi-
cal mouth breathing sequence. In the mouth breathing sequence, the oral flow 
shows higher amplitudes than the nasal flow and the amplitudes of the nasal flow 
are lower than during nose breathing. This behavior is typical for mouth breath-
ing, but cannot be generalized to all mouth breathing sequences. There were 111 

Fig. 1  A polysomnography set-up with an oronasal cannula
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recordings, of which 20 have been manually labeled by a sleep technologist. The 
manual labels were based on the oral and nasal flow signals. 10 recordings were 
manually chosen to have 5 healthy children and 5 children with sleep disordered 
breathing. The latter 10 recordings were chosen because the parent-reported 
information from the questionnaires indicated mouth breathing.

3.2  Preprocessing

The data of PSG recordings were saved in the.edf standard format, an open-
source file format commonly used for medical data in Europe. It is designed for 
multi-channel medical time series and allows different sampling frequencies for 
each signal (Kemp et al 1992). For each PSG, we extracted the signals of interest 
and each signal’s sampling frequency. Some PSGs had faulty or missing record-
ings from the RIP belts or the cannula, therefore each recording was visually 
checked for completeness. During this process, two labeled studies were removed 
due to low signal quality or measurement errors, which led to a total of 18 eligi-
ble labeled sleep studies for this paper.

The four respiratory signals have a sampling frequency of 200 Hz. As the aver-
age duration of one study is 8 h, one PSG contains on average 5,760,000 values 
per signal. Therefore, the full data set quickly becomes complex. To process this 
large amount of data, we faced a trade-off between run-time and the completeness 
of the data representation. We downsampled the signals to a sampling frequency 
of 10 Hz, because this reduced the complexity, but still captured the relevant 

Fig. 2  Two exemplary breathing periods of 10 s each. The top signal is a nose breathing sequence and 
the bottom is a mouth breathing sequence



982 L. Biedebach et al.

1 3

features in the data. We furthermore upsampled the oxygen saturation and heart 
rate with a sampling frequency of 3 Hz to have a common sample rate (Gao et al 
2018). The differences between too simplified downsampling to 1 Hz, the chosen 
downsampling to 10 Hz, and the original sampling frequency of 200 Hz can be 
seen in Fig. 3.

The signals have different scales, as the oral flow has a range from approximately 
−2 cm  H2O to 1 cm  H2O, while the thorax and abdomen only range between �
0.0005 V and 0.0005 V. As some models are sensitive to different sized scales, we 
prevented the signals with larger scales to out rule the signals with smaller scales, 
by scaling the data to the same range using the scikit-learn StandardScaler. In order 
to treat this data set as a time series classification problem, we split the data into 
sequences of 10 s. One respiration cycle, i.e., inhalation and exhalation, of children 
that are 6 years and older usually has a duration of 2–5 s during sleep (Fleming et al 
2011). Choosing an interval of 10 s guarantees that the interval contains at least one 
full breath and up to 5 full breaths. We did not choose a longer duration than 10 s, 
to do the classification as granular as possible and keep the complexity of the data, 
i.e., the length of the time series, as low as possible. We tested both disjoint splits 
and sliding window splits but as no visible difference in model performance was 
perceived, we chose the less complex method of disjoint splits. The target variable 
’breathing channel’ was labeled as 1 for mouth breathing or 0 for nose breathing. 
It was assigned to each sequence based on the annotation file. To be considered as 
target class 1, the sequence had to contain at least 3  s (the average length of one 
respiration cycle) of mouth breathing according to the manual labels by the sleep 
technologist.

Fig. 3  The same 10 s interval in 1 Hz at the top, 10 Hz in the middle, and 200 Hz (original sampling 
frequency) at the bottom
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3.3  Model training and hyperparameter optimization

The recording of each participant included approximately 2500 sequences. Since 
each participant has individual characteristics, their sleep recordings have individual 
characteristics as well, which is why we used a leave-one-out cross validation for 
model training and evaluation, i.e., we trained the model on all participants but one 
and tested the model performance on the test individual. This way, we ensured that 
no data of the test individual leaked into the model training. For the hyperparameter 
optimization, a validation set of 3 participants was separated from the rest of the 
participants. These recordings were only used for hyperparameter optimization and 
were not included in the leave-one-out cross validation. The validation participants 
included one with more than 10 mouth breathing sequences, one with zero mouth 
breathing sequences and one with low signal quality to represent different types 
of recordings that were present in the data set. We optimized the hyperparameters 
of all deep learning models on this separate validation set with a keras Random-
Search. For this we defined a grid of possible values for the number of filters, the 
kernel size, the dropout rate and the learning rate, from which the RandomSearch 
randomly selected parameter combinations. The hyperparameter optimization has 
been conducted in the same method and same extend for all deep learning mod-
els. The unsupervised deep learning models were optimized to achieve a maximal 
accuracy in the validation set. The autoencoder was optimized with a a custom loss 
function to to maximize the average reconstruction error of mouth breathing divided 
by the average reconstruction error or nose breathing. The hyperparameters of the 
feature-based model were optimized with a RandomSearch as well. Here, we tuned 
the learning rate and number of estimators. The hyperparameters for the time series 
classifiers were set through testing different values on this validation set manually.

3.4  Machine learning methods

As a comparison of multiple machine learning methods, we compare three differ-
ent time series classifiers and two supervised deep learning models using the raw 
time series as an input. Ultimately, we propose a reconstruction-based method and 
feature-based method. Each of the methods will be described in the following.

3.4.1  Supervised time series and deep learning models

All three time series models work with different representations of the data. This 
includes using the full sequence, fixed intervals, or dynamic shapelets in the training 
(Bagnall et al 2017). A brief explanation of each model and the selected parameters 
can be seen in Table 1. We also test two deep learning models, since they can han-
dle multivariate time series, which allows them to capture the interaction between 
signals.
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3.4.2  Reconstruction-based anomaly detection

Autoencoders are commonly implemented with multi-layer neural networks. They 
learn an encoding and a decoding function using an iterative optimization process. 
The data is passed through the network, the reconstruction error is calculated and at 
each iteration, the weights of the network are updated (LeCun et al 2015). In a con-
volutional autoencoder, convolutional layers are included in the encoder and decon-
volutional layers in the decoder of the neural network (Ribeiro et al 2018). Convolu-
tional layers transform the data by sliding a filter over the time series. Several filters 
of different sizes can be applied to learn multiple discriminative features from the 
input time series. The deconvolutional layers, or transposed convolutions, work by 
the same principle but swap the forward and backward passes of the convolution. 
Average- or MaxPooling reduces the length of a time series by aggregating it with 
a sliding window (Fawaz et  al 2019). The hidden layers aim to separate relevant 
and irrelevant features, which can hide the presence of anomalies (Chalapathy and 
Chawla 2019). In the encoder, lowering the dimensionality of the input with the con-
volutional layers, creates a bottleneck after which ideally only the most explanatory 
parts of the data remain. In the decoder, the transposed convolutions increase the 
dimensionality of the data back into its original shape. The new representation, i.e 
the reconstructed input, will naturally differ from the original representation. How-
ever, this deviation is encouraged since it did not happen at random, but is a result of 

Table 1  A description of the supervised time series classifier and deep learning models used for bench-
marking
Model Description of approach and parameters

KNN-DTW The K-Nearest Neighbour classifier (KNN-DTW) calculates the distance of the full 
sequence to all other sequences, using distance time warping. Then it uses the label of 
the k nearest neighbors to classify the sequence (Ratanamahatana and Keogh 2005). We 
chose k=10 and balance the train set with downsampling

TSF The Time Series Forest (TSF) splits the sequences into intervals and calculates summary 
statistics. It only considers the ’important’ areas of the sequence. First, one classifier is 
trained for each signal, then all classifiers are combined as a Time Series Forest Ensem-
ble. We chose an ensemble size of 500 and balance the train set with downsampling 
(Deng et al 2013)

MRSEQL The Multiple Representation Sequence Learner (MRSEQL) transforms each sequence into 
a symbolic representation and selects discriminative subsequences, shapelets, for the 
classification (Le Nguyen et al 2019). We chose both the Symbolic Aggregate Approxi-
mation and the Symbolic Fourier Transformation

RNN The Recurrent Neural Network (RNN) can capture temporal dependencies and complex 
non-linear correlations within the data by using long short term memory (LSTM) layers 
(Malhotra et al 2015). We created a model with an LSTM layer of size 100, a dropout 
layer with a dropout rate of 0.2, and a dense output layer

CNN A Convolutional Neural Network (CNN) transforms the time series data with convolu-
tional filters and MaxPooling operations (Zhao et al 2017). We created a model with two 
hidden layers. The first convolutional layer had 64 filters of size 1 and is followed by a 
MaxPooling and a Dropout layer with a dropout rate of 0.2. The second convolutional 
layer had 16 filters with a size of 10. This layer was again proceeded by a MaxPooling 
layer and a Dropout layer. Finally, a Dense layer did the classification
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the learned weights of the autoencoder. Autoencoders are trained with the objective 
of minimizing the reconstruction error, i.e., the error between the original input and 
the reconstructed output (Li et al 2020). As the majority of the examples in the train-
ing data belong to the normal class, the autoencoder will mainly learn the properties 
of this normal class (Chalapathy and Chawla 2019). Reconstruction-based anomaly 
detection relies on the assumption that the reconstruction of anomalies is less accu-
rate than the reconstruction of normal instances. As a result, the reconstruction error 
is higher for anomalous examples, which allows us to use it as an anomaly score and 
detect anomalies in a fully unsupervised way (Chandola et al 2009).

We used the Root Mean Squared Error (RMSE) as distance metric for defining 
the reconstruction error, because the input and output of our model were mul-
tivariate time series. We chose RMSE above other distance metrics as it gives 
relatively high weight to large errors. For each 10-second interval, we calculate 
the RSME by averaging the squared root of the distance between the original and 
reconstructed signal at all 100 time steps. Equation 1 shows how the RMSE for 
signal j is calculated over all n=100 time steps:

In the model training, we used the average RMSE of all included signals as the loss 
function for optimization. In the reconstruction-based anomaly detection, we used 
the RMSEs of the individual signals as new features. In order to use these new fea-
tures for reconstruction-based anomaly detection, we need to define a classification 
threshold t. All examples with a higher reconstruction error than t are classified as 
anomalies and all examples with a lower reconstruction error than t were classified 
as normal instances. Hence, we classify all examples above t as mouth breathing, 
and all examples below t as nose breathing. Defining an appropriate threshold is 
crucial for the success of the anomaly detection. We ran experiments with different 
approaches of setting the threshold to find the one which achieves the most accurate 
classification. The most straightforward approach is taking the average reconstruc-
tion error of all signals. We also took the distribution of the data into account by 
adding the standard deviation of the reconstruction error to the threshold. Thus, we 
defined the threshold t as the average reconstruction error plus the average standard 
deviation over s signals as shown in Eq. 2.

Knowing the reconstruction error of each signal individually, allows us to use sub-
sets of the signals for defining a threshold as well. Figure 4, a correlation matrix 
between the reconstruction errors and the breathing channel, here referred to as tar-
get variable y, shows that some reconstruction errors correlate more with the breath-
ing channel than others. The highest correlation can be seen between y and the oral 
pressure. For this reason, we propose a second approach of setting the threshold, 
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using only the most discriminative feature, the oral flow, instead of the average. The 
definition of this threshold t is shown in Eq. 3.

During this experimenting, we observe that sequences with bad signal quality have 
extremely high overall average reconstruction errors. Hence, we define a threshold 
that uses both the reconstruction error of the oral flow and the average reconstruc-
tion error. We extend the definition from Eq. 3 by adding a constraint on the average 
reconstruction. Now, we furthermore discard sequences which have a higher average 
reconstruction error than 99% of all other sequences.

The autoencoder in this paper was implemented with a convolutional neural net-
work using TensorFlow and is built as a keras sequential model. We constructed 
the autoencoder by starting with a simple set-up, the input layer, one convolutional 
layer, and one transposed deconvolutional layer followed by a max-pooling- or 
respectively upsampling layer with all default values. To avoid the risk of overfit-
ting, we added dropout layers for regularization. Then the complexity of the model 
was gradually increased and an autoencoder with two hidden layers in the encoder 
and decoder was chosen. One important property of the model is the dimensional-
ity of the latent space. The representation of the data in this state is crucial for the 
reconstruction and therefore the success of the anomaly detection. A too big latent 
space prevents the data from learning a model at all. In the most extreme case, with 
a latent space of the same size as the input space, the reconstruction error is zero 
and no classification is possible. Choosing a too small latent space is also not rec-
ommended, as too much information is lost in the bottleneck. We choose a range of 
possible filter and kernel sizes that do not allow a too small or too big latent space in 
the hyperparameter optimization. The full autoencoder architecture can be found in 
Fig. 9 in the appendix. The hyperparameter tuning results in an optimal learning rate 
of 0.001, using the RMSProp optimizer. Finally, we train the model in 50 epochs 
with a batch size of 256.

(3)t = RMSEoral + �oral

Fig. 4  Correlation matrix between the reconstruction errors and the target variable y
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We trained the unsupervised model on a bigger train set than the other models, 
as it additionally included unlabeled recordings, but we tested it on the same test set 
as the other models. Since the participants of the study were not randomly selected, 
but consisted of 50% of children with a history of sleep-disordered breathing and 
50% of a control group with a history of normal breathing, we did a pre-selection for 
the train set. This step aimed to lower the number of mouth breathing sequences in 
the train set to a level that reflects the average population better. This pre-selection 
was done based on a parental questionnaire regarding the child’s breathing behavior 
during sleep. If the parents answered that they observed their children sleeping with 
an open mouth, waking up with a dry mouth, or breathing through their mouth dur-
ing the day, we disqualified the child from the train set. This led to disqualifying 54 
children from the training, which approximately reflects the percentage of the study 
population with abnormal breathing behavior. Including these children in the train 
set could contradict the assumption that mouth breathing is the rare exception. It 
is still possible, that mouth breathing was included in these recordings, but we can 
assume that the proportion of mouth breathing in this subset of recordings was low.

Reconstruction-based anomaly detection can also be implemented as a semi-
supervised model. Similar to the unsupervised approach, the autoencoder is trained 
without using any labels and no labeled anomalous examples are needed. Instead, 
we use only examples of the normal class for the model training as described in 
Chalapathy and Chawla (2019). The idea behind a semi-supervised approach is to 
train the autoencoder only on sequences that certainly do not contain any mouth 
breathing. This way, we do not have to rely on the assumption that the imbalance in 
the data set is high enough to disregard the mouth breathing sequences in the train-
ing data.

3.4.3  Feature-based classification

As a comparison to the unsupervised deep learning model, we train a classifier 
which works with simple statistical features. We transform the 3-dimensional time 
series data set into a 2-dimensional data set with time-independent features. This is 
done by calculating summary values for each sequence of 100 time steps, including 
the mean, standard deviation, minimum and maximum of each signal. Additionally, 
we create two more features based on the oronasal cannula. We calculate the dif-
ference between the mean of the oral flow and nasal flow, as well as the difference 
between the standard deviation of the oral flow and nasal flow, which can be seen in 
Eq. 4, where n is the number of time steps.

We then applied a feature selection based on the Pearson correlation coefficient 
between the feature and the target variable. We selected the 10 most correlated 
features for the model training. Figure 5 shows the correlations of the 10 selected 
features.

(4)Oronasal Difference =
1

n
∗

n�
i=1

Oral Flow −
1

n
∗

n�
i=1

Nasal Flow
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These features were then used as an input for the supervised classification method 
gradient boosting machine (GBM). A GBM is an ensemble method that commonly 
excels over other machine learning methods in bench marking studies or practical 
applications (Natekin and Knoll 2013). Ensemble methods use the combined clas-
sification power of multiple individual machine learning classifiers. While other 
ensemble methods simply average the predictions of multiple classifiers, the strength 
of a GBM lies in the sequential training of models, which allows it to take the clas-
sification errors of the previous models into account. We trained the GBM with a 
learning rate of 1 and use 1000 estimators.

3.5  Evaluation

We evaluated the models by comparing the predicted labels by our models to the 
manual labels provided by the sleep technologist. To achieve a comprehensive 
evaluation of how the models can predict mouth breathing in unseen sleep record-
ings, we performed a leave-one-out cross validation. This form of cross validation 
evaluates the models for each sleep recording individually by using the recordings 
of all children but one for training and the remaining one for testing. This way, we 
could observe the inter-subject variability and use a higher amount of training data. 
We calculated the average precision and recall scores as proposed by Forman and 
Scholz (2010) to avoid bias from the class imbalance in different folds. As we are 
facing a highly imbalanced classification problem, it does not make sense to con-
sider accuracy as an evaluation measure. Instead, we rely on metrics, which evaluate 
the classification of the minority class, such as precision, recall, and F1 score. For 
the final results, we added up the confusion matrices of all folds for each model and 
calculated the precision, recall and F1 score from the total number of true positives, 
false positives and false negatives. The individual classification results of the models 
on each child’s recording can be found in Table 4 in the appendix.

We furthermore calculated the standard deviation of these different metrics 
across the participants. This showed how much the classification performance var-
ies across participants and therefore how good the model can generalize on test sets 
with unique characteristics. Another perspective towards the anomaly detection is 

Fig. 5  Correlation of features with target variable mouth breathing
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added when we divide the participants in the test set by a high or low number of 
mouth breathing, which represents the group of healthy and sleep disordered par-
ticipants. This analysis reveals which models can handle test sets with close to zero 
positive examples. In this group we additionally calculate the False Positive Rate 
(FPR) by dividing the number of false positives by the number of false positives and 
true negatives. This test shows how strongly a model would overestimate the degree 
of mouth breathing in an healthy individual.

4  Results

4.1  Naive baseline

As a naive baseline, we do stratified random guessing, which takes the distribution 
of nose breathing and mouth breathing examples in the train set into account. Each 
sample in the test set gets the label nose breathing or mouth breathing with a proba-
bility that reflects the class distribution. This approach resulted in an F1 score lower 
than 0.01, which gives a hint at the difficulty of classification in a highly imbalanced 
data set.

4.2  Overall evaluation

All supervised models were evaluated within the same leave-one-out cross vali-
dation as the reconstruction-based anomaly detection to achieve comparability 
between all models. Table 2 shows the performance of all models evaluated on 15 
different test folds using the leave-one-out cross validation. Evaluating the overall 
performance of the machine learning models, showed that the GBM using statistical 
features as an input is the best classifier with an F1 score of 0.54. The reconstruc-
tion-based classifier has a similar F1 score of 0.508. Comparing the classification 
accuracy of all supervised models showed, that the deep learning models were not 

Table 2  Comparison of average classification accuracy, standard deviation among all folds in brackets 
and training time for time series classifiers, supervised deep learning models, and autoencoders

The best-performing method for each approach is shown in bold

Classifier Type Training time Precision Recall F1 score

Random Naive baseline – 0.021 0.022 0.022
GBM Feature-based 2 min 0.445 0.704 0.546
KNN-DTW Similarity-based 15 min 0.256 0.477 0.333
TSF Interval-based 6 min 0.121 0.243 0.162
MRSEQL Shapelet-based 31 min 0.231 0.861 0.364
RNN Deep learning 40 min 0.454 0.229 0.304
CNN Deep learning 4 min 0.350 0.120 0.179
Autoencoder Reconstruction-based 8 min 0.401 0.695 0.508
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necessarily better than the time series classifiers. The classifiers KNN-DTW and 
MRSEQL, which can handle multivariate time series as an input, performed bet-
ter than the TSF, which combines the predictions of the individual time series in 
an ensemble. The best performing supervised model was MRSEQL, which even 
exceeded the performance of the deep learning models. Both deep learning mod-
els have a lower classification accuracy than the classic feature-based classifier. The 
recall, i.e., how many of the true mouth breathing sequences were identified as such, 
and the precision, i.e., how many of the predicted mouth breathing were correct, 
give an enhanced insight on the model performance. Most machine learning models 
in the evaluation had a high recall but a low precision. This means they identified 
many true positives, but also predicted many false positives. The only exceptions to 
this trend were the deep learning models. Both the RNN and the CNN had a higher 
precision than recall. Especially the CNN led to a low recall score, as it fails to iden-
tify most of the true mouth breathing sequences. Looking at the individual training 
folds showed, that for some participants the CNN was not able to make any predic-
tion and resulted in an F1 score of 0.

4.3  Individual-level evaluation

Evaluating the performance of the machine learning models on an individual level 
showed that the classification accuracy of all models varies strongly. The best per-
forming models, the feature-based classifier and the reconstruction-based classifier 
both had a standard deviation of the F1 score of 0.3. This shows that the models 
work well for some participants and perform poorly on other participants. Review-
ing the participants one by one showed that the performance of all models was 
weaker for the participants with a lower amount of mouth breathing. This is plau-
sible, as an increased imbalance ratio affects the classifier performance as shown 
by Lemnaru and Potolea (2011). Furthermore, having evaluation folds with zero 
positive examples in the test set can naturally only lead to a decrease of precision, 
recall and F1 score as achieving true positive classifications is impossible in this set-
ting. However, it is a relevant results since these participants with zero or few mouth 
breathing sequences represent healthy, non-mouth breathing participants, which is 

Fig. 6  Distribution of F1 score across participants with a low number of mouth breathing (n = 8) and a 
high number of mouth breathing (n = 7)
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the majority of the population. Dividing the test set into participants with more than 
10 mouth breathing sequences and lower or equal to 10 mouth breathing sequences 
shows how each model would perform when classifying healthy or sleep disordered 
participants.

Figure 6 shows the F1 score of the individual participants as a distribution for 
each machine learning model. The plot on the left side shows the low or non-mouth 
breathing participants and the plot on the right side shows the participants with more 
than 10 mouth breathing sequences. We can see that the CNN, which did not per-
form well in the overall evaluation with an F1 score of 0.179 was the best perform-
ing model for the participants with a low-amount of mouth breathing. The recon-
struction-based model and the feature-based model both had a low performance on 
the low-mouth breathing sequences. However, the autoencoders and the GBM were 
leading the performance in the high-mouth breathing participants. Both the CNN 
and the RNN have a False Positive Rate (FPR) of 0.007. This equals to approxi-
mately 15 false positives on average in each participant. Even though the feature-
based classifier in comparison has a FPR of 0.015 with 33 false positives on average.

4.4  Reconstruction-based anomaly detection

Applying the autoencoder on an unseen test set resulted in a reconstruction error that 
was indeed higher for mouth breathing than for nose breathing. The average recon-
struction error of the anomalous class was twice as high as the average reconstruc-
tion error of the normal class. This can be seen in Fig. 7, which shows the distribu-
tion of the reconstruction errors of mouth breathing and nose breathing separately.

We can see that most of the nose breathing examples (92.8%) have a reconstruc-
tion error below 1. The mouth breathing examples have higher reconstruction errors 
in a range between 0.5 and 5. This shows different distributions of the reconstruction 

Fig. 7  The distribution of the reconstruction error by target class (nose breathing in purple, mouth 
breathing in orange). For visualization, the majority class is downsampled to the size of the minority 
class
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error of the two classes, which is why we can use the reconstruction error as an 
anomaly score. However, as the classes do overlap (shown in red in Fig. 7), a perfect 
separation of normal and anomalous data by threshold was impossible based on the 
reconstruction error.

Figure  8 shows how precision, recall and F1 score changed by gradually 
increasing the threshold value. Testing the classification accuracy of the different 
threshold approaches showed that the way the threshold was defined had a high 
impact on the classification performance. The estimated thresholds used for clas-
sification did not necessarily match the optimal thresholds like the one shown in 
Fig. 8 as the grey dotted line. Figure 8 shows that even small deviations from this 
optimal separation led to a strong decrease in classification performance. Hence, 
the following results show the classification ability of this particular unsuper-
vised classification approach, but do not necessarily reflect the full potential of 
the autoencoder for reconstruction-based anomaly detection.

The summarized results of evaluating the unsupervised- and semi-supervised 
autoencoder are shown in Table 3. The classification with the average threshold led 
to low results even though theoretically a separation of the classes is given as seen 

Fig. 8  Precision and recall for the classification at different threshold values

Table 3  Classification accuracy for unsupervised and semi-supervised models

The highest value for each approach is shown in bold

Autoencoder Signals used for the threshold Precision Recall F1

Unsupervised Average of all signals 0.107 0.380 0.167
Oral flow 0.308 0.721 0.431
Average signals & oral flow 0.352 0.659 0.459

Semi-supervised Average of all ssgnals 0.094 0.383 0.151
Oral Flow 0.243 0.827 0.376
Average signals & oral flow 0.401 0.695 0.508
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in Fig. 7. The average threshold is not only higher for mouth breathing but also in 
bad signal quality. For this reason, it was not suitable for the unsupervised detection 
of mouth breathing. The results strongly improved when only the oral threshold is 
used for the classification. This approach achieved the highest recall of 0.827 in the 
semi-supervised training. We could further improve the F1 score of this approach 
by combining the information from the average and mouth breathing reconstruction 
error. This approach achieved the best overall results in the semi-supervised training 
with a precision of 0.401, a recall of 0.695 and an F1 score of 0.508.

4.5  Error analysis

In order to gain a deeper understanding of the classification performance, we review 
a subset of the misclassified sequences of the reconstruction based anomaly detec-
tion with a sleep technologist. In particular, we review the false positives, i.e the nose 
breathing sequences the model labels as mouth breathing. We take the time stamps of 
a subsample of the test set and review these sequences in the sleep analysis software 
Noxturnal by Noxmedical. The following reasons for misclassifications were identified:

• Slight or short mouth breathing: Some sequences show mouth breathing 
in the manual review but were not labeled as such, because it was only slight 
mouth breathing. In many of these cases, it was shortly before or after a labeled 
sequence of mouth breathing. Others were correctly labeled but were disre-
garded in the preprocessing because the mouth breathing was very short and 
only sequences with at least three seconds of mouth breathing were considered 
as mouth breathing sequences.

• Mouth breathing during awake state: There are multiple sequences that actu-
ally had mouth breathing but were not labeled as such by the sleep technologist, 
because they occurred during an awakening, which is not considered as clinically 
relevant.

• Bad signal quality: In some sequences, the sleep technologist cannot decide 
whether mouth breathing is present, because the signals are noisy or include arti-
facts. In one sequence it is clearly visible that the oximeter lost contact. In other 
cases, we assume that the oronasal cannula has moved.

This review shows us that the we cannot always rely on the manual labels as the 
ground truth. Setting clear borders where mouth breathing starts and stops is a chal-
lenge for the human reviewer as well, especially in recordings with bad signal qual-
ity. We should keep in mind that assigning the labels is a subjective task and that 
interrater variability is an ongoing research area in sleep (Danker-hopfe et al 2009). 
It also reveals a weakness of the preprocessing, which indicates we should lower 
the required minimum amount of mouth breathing per sequence in future work. 
Whether we should exclude mouth breathing during awakenings from the evaluation 
or include information about the sleep stages in the input data remains an open ques-
tion. Overall, the error analysis also showed that many of the false positives have not 
been entirely false after all.
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5  Discussion

The results demonstrated that machine learning can be used to automatically dif-
ferentiate between mouth breathing and nose breathing. The comparison of time 
series classifiers, deep learning models, unsupervised models and a feature-based 
classifier showed that overall the feature-based classifier was the best performing 
machine learning method. Evaluating the performance of these models in the leave-
one-out cross validation showed that the model performance varied strongly across 
participants. The two best performing models, the reconstruction-based anomaly 
detection and the feature-based classifier showed a similar standard deviation. They 
also showed a similar performance drop on the test set with a low number of mouth 
breathing in comparison to the test set with participants with a high number of 
mouth breathing. This showed that both models may overestimate the severity of 
mouth breathing when used in clinical practice.

To assess whether this classification accuracy is precise enough to replace man-
ual annotation work, we should consider the implications of false positive and false 
negative classifications for the sleep technologists, as well as the consequences 
that arise for the child. Classifying too many nose breathing sequences as mouth 
breathing sequences gives the impression that a child suffers from a condition they 
do not have or only mildly suffer from. On the contrary, capturing none or too few 
of the true mouth breathing sequences may lead to underestimating the severity of 
mouth breathing and preventing the child from receiving the appropriate diagnosis 
and treatment. Our best performing model has a precision of 44.5% and can identify 
70.4% of all mouth breathing sequences. Therefore, it is likely to identify a high per-
centage of the mouth breathing sequences but may overestimate the mouth breath-
ing. Both the feature-based and reconstruction-based methods have a low precision 
but high recall. Therefore they could be suitable to support the sleep technologist 
by highlighting the sequences which are likely to be mouth breathing and leave the 
final decision to the expert. This approach of supporting the medical staff instead of 
fully replacing medical staff has shown success when integrating machine learning 
applications in clinical practice (Henry et al 2022). Whether sleep technologists rely 
completely on the prediction in the future or use it as a reference value for faster 
manual review depends on the desired accuracy of the mouth breathing labels, but 
either way decreases the manual labeling effort.

Applying the reconstruction-based anomaly detection approach on sleep data and 
observing separation of the classes by reconstruction error shows that this approach is 
applicable to sleep data. We can see that the unsupervised approach has a lower clas-
sification accuracy than the semi-supervised approach. There are several reasons which 
may account for this gap. Firstly, the remaining mouth breathing sequences in the train 
set of the unsupervised approach negatively impact the reconstruction-based anomaly 
detection. This would show that our proposed model strongly relies on the assump-
tion of an imbalanced data set. Secondly, we also include non-labeled recordings in 
the train set of the unsupervised model. As these have not been reviewed manually, we 
have no information of the amount of mouth breathing or the signal quality in these 
recordings. Another limitation of the reconstruction-based anomaly detection is that 
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the autoencoder is not able to differentiate between different types of anomalies. Even 
though we assume that mouth breathing sequences are anomalies, we cannot assume 
that all anomalies are mouth breathing. Consequently, the false positives, that are incor-
rectly classified as mouth breathing partly also point towards other anomalies such as 
measurement errors, which makes our model less applicable for low quality recordings.

However, the comparison of different methods showed that a classic machine learn-
ing approach outperforms the deep learning models. The feature-based classifier sim-
plifies the time series into summary features. This shows that the shape of the signals 
is not relevant for the classification, but rather their altitude and range. Therefore, our 
research shows, that for this specific application, deep learning models are not superior 
to classic machine learning models. This goes in line with previous publications ques-
tioning the need for deep learning in other domains (Gunnarsson et al 2021; Shwartz-
Ziv and Armon 2022). It is an ongoing debate when and how deep learning is needed. 
The superior performance of our model in comparison to the model by Curran et al 
(2012) may arise from including more features than only the audio signal. However, 
including more signals has not only advantages, as a PSG study is more of an effort 
than a microphone study. The overall results show, that the signals we included in the 
model are suitable for identifying mouth breathing. It is surprising that the statistical 
features and the reconstruction error show different correlation with the target vari-
able mouth breathing, as shown in Figs. 4 and 5. While the reconstruction error of 
the autoencoder mainly shows correlation of the oral flow and the target variable, the 
statistical features also shows correlations to the audio volume and the oxygen satura-
tion. One reason for that could be that these signals have different properties and are 
the blood oxygen and audio volume are more meaningful as summary statistics and 
the oral flow signal is more meaningful as a raw signal. A mixed approach of inputting 
the oral flow as a raw signal and the audio and blood oxygen saturation as statistical 
features could be an interesting approach to pursue in future work.

We need to keep in mind, that machine learning models can identify complex pat-
terns from the training data but do not have human reasoning. In one sleep record-
ing, the oronasal cannula is misplaced in a way that the pressure transducer, which 
captures the mouth breathing, was placed above the nose. For 6 h, the nose breathing 
signal is gone, but the mouth breathing is unusually high. Listening to the audio and 
looking at the unusual patterns of the mouth breathing signal, let the sleep technolo-
gist conclude that it was a measurement error, even though it looked like extreme 
mouth breathing. This is a line of thought that comes naturally to the sleep technolo-
gist, but can not be achieved by a machine learning model. For this reason, the abil-
ity of our machine learning models is limited by the quality of the sleep recording 
and can be negatively impacted by measurement errors.

6  Conclusion

These findings are relevant for research focusing on sleep-disordered breathing, 
because they show that mouth breathing can be automatically identified. Using the 
signals from the oronasal cannula, thorax and abdomen belts, pulse oximeter, and 
microphone, our proposed approach can classify mouth breathing with an F1 score 
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of 0.546. This means, that the manual annotation work can be decreased with the 
use of machine learning. Comparing classic and deep machine learning models, 
showed that classic methods outperform deep learning and have a higher clinical rel-
evance in this application. The results from the reconstruction-based method showed 
that we are not dependent on labeled mouth breathing sequences in the training to 
identify mouth breathing. The results of all machine learning models varied strongly 
across participants, which highlights the importance of patient-wise evaluation. In 
future research, we want to test whether these models also work on the data of adults 
with sleep-disordered breathing. To improve the model performance, the superor-
dinate time series should be taken into account, as a sequence is more likely to be 
mouth breathing if the preceding and succeeding sequences are mouth breathing as 
well. The model could be further improved by classifying individual breaths instead 
of fixed 10-second intervals as proposed in Holm et al (2022).

Appendix 1: Autoencoder architecture

See Fig. 9.
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Fig. 9  The architecture of the convolutional autoencoder
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Appendix 2: Results of leave-one-out cross validation

See Table 4.

Table 4  Model performance on 
each test fold Fold Model TN FP FN TP

1 KNN-DTW 1442 29 22 51
TSF 1423 48 68 5
MRSEQL 1421 50 0 73
RNN 1471 0 72 1
CNN 1470 1 72 1
AE AVG 1383 88 4 69
AE ORAL 1439 32 1 72
AE ORAL & AVG 1446 25 1 72
SAE AVG 1401 70 17 56
SAE ORAL 1449 22 2 71
SAE ORAL & AVG 1452 19 1 72
GBM 1469 2 27 46

2 KNN-DTW 1206 25 2 0
TSF 1204 27 0 2
MRSEQL 1191 40 0 2
RNN 1228 3 2 0
CNN 1223 8 1 1
AE AVG 1161 70 0 2
AE ORAL 1219 12 0 2
AE ORAL & AVG 1225 6 2 0
SAE AVG 1165 66 0 2
SAE ORAL 1219 12 1 1
SAE ORAL & AVG 1225 6 2 0
GBM 1221 10 1 1

3 KNN-DTW 3062 44 30 27
TSF 3041 65 21 36
RNN 3102 4 35 22
MRSEQL 2971 135 4 53
CNN 3101 5 49 8
AE AVG 2982 124 17 40
AE ORAL 3044 62 17 40
AE ORAL & AVG 3062 44 29 28
SAE AVG 2979 127 16 41
SAE ORAL 3020 86 9 48
SAE ORAL & AVG 3061 45 24 33
GBM 3088 18 35 22
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Table 4  (continued) Fold Model TN FP FN TP

4 KNN-DTW 3284 89 0 0
TSF 3269 104 0 0
MRSEQL 3213 160 0 0
RNN 3372 1 0 0
CNN 3371 2 0 0
AE AVG 3221 152 0 0
AE ORAL 3297 76 0 0
AE ORAL & AVG 3329 44 0 0
SAE AVG 3194 179 0 0
SAE ORAL 3333 40 0 0
SAE ORAL & AVG 3363 10 0 0
GBM 3369 4 0 0

5 KNN-DTW 954 32 11 14
TSF 942 44 16 9
MRSEQL 930 56 3 22
RNN 974 12 6 19
CNN 984 2 10 15
AE AVG 936 50 16 9
AE ORAL 956 30 5 20
AE ORAL & AVG 964 22 8 17
SAE AVG 927 59 15 10
SAE ORAL 964 22 7 18
SAE ORAL & AVG 966 20 6 19
GBM 956 30 1 24

6 KNN-DTW 1290 9 104 30
TSF 1276 23 87 47
MRSEQL 1116 183 7 127
RNN 1297 2 103 31
CNN 1299 0 115 19
AE AVG 1220 79 75 59
AE ORAL 1284 15 51 83
AE ORAL & AVG 1289 10 59 75
SAE AVG 1216 83 74 60
SAE ORAL 1271 28 50 84
SAE ORAL & AVG 1281 18 61 73
GBM 1291 8 74 60
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Table 4  (continued) Fold Model TN FP FN TP

7 KNN-DTW 3376 79 0 14
TSF 3343 112 2 12
MRSEQL 3214 241 0 14
RNN 3437 18 8 6
CNN 3440 15 9 5
AE AVG 3269 186 0 14
AE ORAL 3381 74 0 14
AE ORAL & AVG 3405 50 2 12
SAE AVG 3259 196 0 14
SAE ORAL 3341 114 0 14
SAE ORAL & AVG 3393 62 2 12
GBM 3383 72 2 12

8 KNN-DTW 2814 82 40 49
TSF 2779 117 73 16
MRSEQL 2728 168 25 64
RNN 2862 34 45 44
CNN 2886 10 73 16
AE AVG 2712 184 76 13
AE ORAL 2786 110 65 24
AE ORAL & AVG 2814 82 67 22
SAE AVG 2664 232 71 18
SAE ORAL 2781 115 36 53
SAE ORAL & AVG 2830 66 58 31
GBM 2843 53 36 53

9 KNN-DTW 963 31 4 2
TSF 963 31 2 4
MRSEQL 973 21 0 6
RNN 987 7 3 3
CNN 990 4 4 2
AE AVG 950 44 4 2
AE ORAL 962 32 1 5
AE ORAL & AVG 971 23 2 4
SAE AVG 948 46 4 2
SAE ORAL 956 38 1 5
SAE ORAL & AVG 971 23 3 3
GBM 976 18 1 5
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Table 4  (continued) Fold Model TN FP FN TP

10 KNN-DTW 1783 52 2 1
TSF 1755 80 1 2
MRSEQL 1777 58 1 2
RNN 1835 0 3 0
CNN 1834 1 3 0
AE AVG 1685 150 0 3
AE ORAL 1776 59 2 1
AE ORAL & AVG 1790 45 3 0
SAE AVG 1711 124 0 3
SAE ORAL 1768 67 2 1
SAE ORAL & AVG 1787 48 3 0
GBM 1736 99 1 2

11 KNN-DTW 3348 107 0 3
TSF 3327 128 2 1
MRSEQL 3150 305 0 3
RNN 3423 32 0 3
CNN 3427 28 0 3
AE AVG 3250 205 2 1
AE ORAL 3328 127 0 3
AE ORAL & AVG 3353 102 0 3
SAE AVG 2940 515 2 1
SAE ORAL 3111 344 0 3
SAE ORAL & AVG 3349 106 0 3
GBM 3438 17 3 0

12 KNN-DTW 1854 71 0 0
TSF 1835 90 0 0
MRSEQL 1869 56 0 0
RNN 1907 18 0 0
CNN 1903 22 0 0
AE AVG 1750 175 0 0
AE ORAL 1784 141 0 0
AE ORAL & AVG 1800 125 0 0
SAE AVG 1795 130 0 0
SAE ORAL 1855 70 0 0
SAE ORAL & AVG 1873 52 0 0
GBM 1911 14 0 0
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Table 4  (continued) Fold Model TN FP FN TP

13 KNN-DTW 3312 102 106 96
TSF 3268 146 191 11
MRSEQL 3265 149 45 157
RNN 3410 4 195 7
CNN 3412 2 201 1
AE AVG 3236 178 191 11
AE ORAL 3311 103 34 168
AE ORAL & AVG 3342 72 39 163
SAE AVG 3206 208 183 19
SAE ORAL 2919 495 0 202
SAE ORAL & AVG 3358 56 29 173
GBM 3273 141 4 198

14 KNN-DTW 2531 51 15 15
TSF 2548 34 22 8
MRSEQL 2530 52 4 26
RNN 2580 2 19 11
CNN 2581 1 25 5
AE AVG 2433 149 12 18
AE ORAL 2531 51 3 27
AE ORAL & AVG 2552 30 5 25
SAE AVG 2429 153 13 17
SAE ORAL 2528 54 3 27
SAE ORAL & AVG 2546 36 5 25
GBM 2574 8 3 27

15 KNN-DTW 2574 88 0 4
TSF 2582 80 1 3
MRSEQL 2496 166 0 4
RNN 2622 40 4 0
CNN 2620 42 3 1
AE AVG 2465 197 1 3
AE ORAL 2544 118 0 4
AE ORAL & AVG 2563 99 2 2
SAE AVG 2490 172 1 3
SAE ORAL 2517 145 0 4
SAE ORAL & AVG 2562 100 2 2
GBM 2593 69 2 2

KNN-DTW = K-Nearest Neighbours with Distance Time Warping, 
TSF = Time Series Forest, MRSEQL = Multiple Representation 
Sequence Learner, RNN = Recurrent Neural Network, CNN = Con-
volutional Neural Network, SAE = Semi-supervised Autoencoder, 
AE= Autoencoder, GBM = Gradient Boosting Machine
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Abstract
Advances in digital health allow us to take an active part in monitoring and improving our
sleep quality. Both, objectively recorded and subjectively perceived sleep quality impacts
our general health and well-being. This research shows how these two dimensions of sleep
quality can be captured with smartwatches and digital symptom trackers. We contribute
to the gap in the literature on how recorded values from wearables and user-generated
content from mobile applications can elevate each other. Analysing the recorded and re-
ported sleep quality in a longitudinal sleep study (n=45) shows differences in how partic-
ipants perceive their sleep. We address this need for personalization, by creating clusters
of participants with a similar perception of sleep using unsupervised machine learning.
Analysing these clusters provides us with a more wholesome understanding of their sleep
quality and raises awareness for the uniqueness of individuals in digital health.
Keywords: sleep quality, unsupervised machine learning, wearables, mobile application,
clustering

Introduction
Our well-being depends on good sleep (Luyster et al., 2012), but the notion of sleeping well is still not fully
understood (Buysse, 2014). Just like for any objectively and subjectively captured phenomenon, there are
two sides of the same coin – or the same pillow – respectively for sleep quality. Bad sleep can have several
negative effects on the body including daytime sleepiness, memory impairment (Orzeł-Gryglewska, 2010)
and decreased neurobehavioral performance (Belenky et al., 2003). Chronically bad sleep increases the risk
of inflammatory diseases (Irwin, 2015), cardiovascular diseases (Hoevenaar-Blom et al., 2011) and obesity
(Beccuti & Pannain, 2011). There is no generally accepted definition of what sleep quality entails, or how
to capture it. It can be described by characteristics of a person’s sleep that can be measured or quantified
by parameters such as the total sleep time, the sleep onset latency and sleep efficiency (Krystal & Edinger,
2008). The rise of digital health and the transition of digital health solutions from the clinic to the home
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allows more people to track both their subjective and objective sleep quality. Objective sleep quality can
be derived from tracking the body with sensors during sleep. The gold standard of sleep measurement is
polysomnography, which continuously records the activity of the brain, the heart, the muscles and the res-
piratory system throughmultiple sensors during the night (Bruyneel et al., 2011). It is to date, seen as the the
most reliable form of sleep measurement but it is not feasible for measuring sleep over an extended period
of time due to its high effort. Wearable devices such as smartwatchesmeasure the heart rate andmovement,
to give an estimation of a person’s bed and rise times, the number of awakenings during the night and the
duration of light sleep and deep sleep (Sadeh, 2011). Even though wearables measure sleep less reliably
than a full polysomnography, their strength is to collect longitudinal data, the so-called ’free-living sleep’
(Arnardottir et al., 2021), which is highly relevant in sleep research (Óskarsdóttir et al., 2022). However,
sleep quality is a multidimensional construct that cannot be explained by sleep parameters only. The way
we subjectively perceive our sleep, i.e. if we feel rested or fatigued, is essentially equally or more important
than any measurement (Bin, 2016; Hoevenaar-Blom et al., 2011). Walsh et al. (2022) demonstrated the
relevance of subjective sleep quality in the example of upper respiratory tract infections. Subjective sleep
quality can for instance be measured as a Likert-style rating by the participant (Krystal & Edinger, 2008).
On a more granular level, symptom trackers are used to split the rating into questions regarding the ease of
falling asleep, the comfort during sleep or the feeling when waking up. This can be done digitally in the form
of anentry ina digital symptom tracker application or in ananalogue wayvia amanually filled-in sleep diary
(Schmitz et al., 2022). Buysse (2014) introduced the highly relevant concept of sleep health, where objec-
tive and subjective sleep quality act combined as a wholesome indicator of sleep health. If we understand
the underlying correlations, we can leverage the usage of wearables in combination with digital symptom
trackers to objectively and subjectively monitor our health and well-being in general, and sleep in particular
(Islind et al., 2022; Vallo Hult et al., 2022).

Digital health platforms and wearables allow patients to take part in the care process more actively and
become co-creators of their own health data, which makes more individualized approaches for patient care
possible (Topol, 2014). This leads to a shift towards precisionmedicine, which adjusts themedical treatment
to the individual needs of the participants (National Research Council, 2011)and individualized, data-driven
healthcare (Lillie et al., 2011). For sleep-disordered patients, the continuous form of health data collection
enables personalized remote care by health professionals (Grisot et al., 2019). Another recent development
in health information systems is self-monitoring, which enables individuals usually through wearables or
symptom trackers to keep track of their symptoms and behaviors, review the self-recorded data and act
accordingly. This may include adjusting their behaviour, applying treatment or seeking the help of a pro-
fessional (Jiang & Cameron, 2020). Common motivations for self-tracking are curiosity, chronic disease
or improving personal performance (Baumgart & Wiewiorra, 2016). Self-monitoring of sleep quality can
help to increase the individuals awareness of sleep hygiene (Mairs & Mullan, 2015) and adjust their be-
haviour accordingly (Berryhill et al., 2020). However, there has been no research yet on how to combine
objective and subjective measures for self-monitoring in sleep. For this reason, we aim to answer the fol-
lowing research question:

RQ:How can the information from wearable devices and digital symptom trackers be combined to achieve
more individualized sleep analysis?

By answering this research questionwe contribute to the field of information systems, individualizedhealth-
care and self-monitoring by showing the need for an individual-level analysis of sleep quality and proposing
a method to address this need. We contribute to the field of digital health, especially regarding wearable
devices and their health outcomes as well as data-driven approaches for digital subjective symptom track-
ers. Our main contributions are the analysis of subjective and objective sleep parameters and the proposed
method of clustering participants based on their sleep perception for more individualized sleep analysis.
The rest of this paper is organized as follows. In the next section, we review the related literature on the re-
lationship between objective and subjective sleep quality and individualized healthcare. We then introduce
the longitudinal sleep study in more detail and explain themethodological structure of this paper, including
clustering and cluster analysis. We will present the results of the cluster analysis and based on the identified
characteristics and correlations define sleep quality types. Finally, we will discuss the implications of our
results in the context of digital health.
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RelatedWork
Mobile digital health application and wearable devices have become a widespread and accepted way for
tracking ones health (Farivar et al., 2020). The pandemic led to an increased speed in the adoption of dig-
ital health applications and devices which showed that the future of public health is becoming increasingly
digital (Budd et al., 2020). Whether wemodel the health status of individuals through their continuous flow
of data from digital health applications to personalize medical care or aggregate their data to generate new
information about populations, there is potential for improving public health through digital health solu-
tions (Kamel Boulos & Zhang, 2021). These digital health solutions could be mobile health applications
(i.e., apps) which have been widely used for symptom tracking, implementing behavioural changes and re-
mote care (Ghose et al., 2021). Moreover, wearable devices such as smartwatches have shown success in
continuous long-term health monitoring (Dunn et al., 2018) and health education (Sultan, 2015). Addition-
ally, there is existing research on combining the data frommobile apps andwearable devices. Sigurðardóttir
et al. (2022) showed that leveraging objective data fromsmartwatches and subjective data fromdigital symp-
tom trackers can enhance the clinical decision-making process for healthcare professionals for determining
the ebb and flow in symptoms when treating patients with schizophrenia or bipolar disorders. Bremer et al.
(2017) used machine learning methods on digital symptom trackers that produce diary data to predict the
mood level of patients with depression. Their work showed how this kind of data can contribute to gaining
insights on a subjective and therefore hard-to-measure condition with clinical relevance. It also showed
how this subjective data can support personalized interventions. Another subjective phenomena discussed
in digital health is subjective well-being. Hu et al. (2023) use a fitness health application to analyse the user’s
subjective well-being. Similar to subjective sleep quality it cannot be tied to an objective measurement, as it
represents an individual’s emotional responses and their general life satisfaction (Aboelmaged et al., 2021).
The existingwork in this area shows the potential of digital health for public health and possible solutions for
handling the discrepancy between objective and subjective data. However, sleep - an essential prerequisite
for health and well being - has not been approached with a combined analysis of objective and subjective
longitudinal data as presented in this research. According to Bin (2016) there is a need to analyse effects of
sleep quality on both physical and subjective health to understand the contribution of sleep as a whole to
public health.

Previous research has attempted to analyse the relationship between objective and subjective sleep quality in
general populations and found little correlation between the objective sleep parameters and subjective sleep
quality (Baker et al., 1999). Zhang and Zhao (2007) raised the question whether subjective sleep quality
relates to any objective sleep parameters, arguing that it is a combination represented by more than one
parameter. The most important drivers of subjective sleep quality have been found to be the recorded total
sleep time, awakenings, sleep efficiency (Åkerstedt et al., 2016) and reported sleep parameters (Goelema
et al., 2019). Åkerstedt et al. (2016) showed that there are varying relationships between objective and
subjective sleep quality in different age groups. Kaplan et al. (2017) approached the relationship between
objective sleep parameters and subjective sleep quality with machine learning. They divided the population
into age groups and then used a supervised classifier to predict the subjective sleep quality and analysed the
feature importance. They showed that the correlations between objective sleep parameters and subjective
sleep quality change throughout the age groups. On a more granular level, previous research did compare
objective sleep parameters with the subjective reporting of sleep parameters. This gap, which is referred to
as sleep perception, was previously considered as an effect of sleep disorders and medication as shown by
Baker et al. (1999). Other researchers, such as Pinto et al. (2009) compared sleep perception of healthy and
sleep disordered individuals and concluded that the way individuals perceive their sleep may be a relevant
marker for the evolution of disorders and the effectiveness of treatment. Means et al. (2003) show that sleep
perception varies amongst individuals and that distinctive subgroups with similar sleep perceptions can be
identified with clustering. We aim to improve their approach by using an extended time period of sleep
tracking through wearables instead of single nights from a traditional polysomnography recording. Based
on these findings, we propose a method which analyses sleep in more homogeneous groups as proposed by
Åkerstedt et al. (2016). In contrast to their work, we do not create those groups based on demographics
such as age or gender but based on the gap between their objective and subjective parameters as proposed
by Means et al. (2003).
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Methods
The study was conducted within the research project Sleep Revolution (Arnardottir et al., 2022) at Reyk-
javik University in Iceland. The data for this research were collected by two different means simultaneously.
Participants were asked to i) wear a Withings smartwatch (Issy-les-Moulineaux, France) and ii) fill out a
digital sleep diary in the Sleep Revolution app (Reykjavik, Iceland), for 90 consecutive days. Collecting data
from heterogeneous data sources is a challenging task. The data from the smartwatch and the digital sleep
diary appwere transformed into a homogeneous data format and stored in a digital platform as proposed by
Sveinbjarnarson et al. (2023). The study is covered by ethical approval of the National Bioethics Commit-
tee of Iceland (21-070) and was approved by the Data Protection Agency of Iceland and includes a written
consent by each participant. The participants were recruited through online and offline campaigns in the
general population and were selected based on their age, BMI, gender and health status. The study aimed to
include individuals with awide range of age and body mass index and have a equal distribution of male and
female participants as well as healthy and sleep disordered participants. Only participants who wore the
smartwatch and filled out the digital sleep diary app formore than two weekswere selected for this analysis,
which included 45 of 63 total participants. The participants wore the smartwatch on average for 75 days and
filled out the digital sleep diary app on average for 40 days. This resulted in 2259 nights with information
about both objective and subjective sleep quality in total. The population was gender balanced with 53.3%
women. The average BMI was 28.2 and the average age was 48.9. There were 5 participants younger than
30, 32 participants between 30 and 60 and there were 8 participants older than 60. Most participants had
a high educational level, as 64,4% of them have a university degree, 13,3% of them did vocational training
or a technical degree and 22,2% have no degree in higher education. 3 of the 45 participants work in shift
work or do night shifts. 80% of them were married or living with a partner and 93.3% were employed or
studying. An overview of demographic information about the participants can be seen in Table 1.

Variable Mean±Standard Deviation

Age [years] 48.9±14.6

Body Mass Index [kg/m2] 28.2 ±4.7

Table 1. Demographic Information

Objective Data: Smartwatch and Self-Applied Somnography

The smartwatch provides raw measurements, such as heart rate, oxygen saturation as well as aggregated
information about the participant’s sleep for each night. The aggregated data included the time the partici-
pant spent in light sleep and in deep sleep. The REM sleep, the sleep stage in which dreams are experienced,
is not captured by this smartwatch even though it accounts for 20% to 25% of sleep (Carskadon, Dement,
et al., 2005). The smartwatch also captures the time spent awake during the night the number of awaken-
ings during the night. It measures the sleep onset latency, i.e the duration to fall asleep, and the duration
to wake up. Being awake does not necessarily include standing up during the night, it also includes periods
of laying in bed awake. Hence, awakenings can be several minutes or even hours, but in most cases only
lasts for seconds and may not be remembered in the morning by the individual. The average sleep duration
among all participants is 8.2 hours with a standard deviation of 1 hour. Other sleep parameters have been
calculated from the available data. This includes sleep efficiency, which is the time asleep during the night
divided by the total time spent in bed. Sleep variability was calculated, by taking the standard deviation of
the sleep duration of the previous 3 nights. During the night, the heart rate was tracked and aggregated as
minimum, maximum and average heart rate. The smartwatch tracked the participants not only during the
night but also tracked their activity during the day. It captured the participant’s number of steps, distance
and elevation. The average distance among all participants is 3.1 km per day with a standard deviation of
1.8. We transformed all time-related features into seconds and brought all features to a uniform scale using
the scikit-learn StandardScaler. An overview of all smartwatch variables can be found in Table 2.

Additionally, each participant participated in a self-applied somnography. Somnography is a simplified
version of a polysomnography, which is designed for measuring sleep outside of the hospital but with a
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similar reliability to the traditional measurement (Kainulainen et al., 2021). The measurement included an
electroencephalogram (EEG), electrooculogram (EOG), electrocardiogram (ECG), RIP belts for the thorax
and abdomen, a finger probe pulse oximeter, a microphone, a nasal cannula, electrodermal activity (EDA)
and accelerometry measuring the movement and body position. The somnography provides a more reliable
measurement of the participants than the smartwatch butwas, due to its high measurement effort, only per-
formed on up to three consecutive nights whereas the smartwatch was worn for the 90-day period. There
are 3 participants with no somnography recorded nights, 3 participants with one recorded night, 11 partic-
ipants with two recorded nights and 28 participants with three recorded nights. All recordings have been
manually scored by sleep technologists according to the rules of the American Academy of Sleep Medicine
(Berry et al., 2018).

Subjective Data: Digital Sleep Diary from aMobile Application

The subjective sleep quality was captured with a digital sleep diary in the form of the custom-made app
developed by Sleep Revolution. The sleep diary was co-designed and developed, according to the digital
sleep diary standards proposed by Schmitz et al. (2022). The design aimed to increase compliance with the
digital sleep diary and avoid memory bias. The sleep diary was filled out by the participant two times per
day. In themorning diary, the participants described their nocturnal sleep. Additionally, they reported sleep
parameters such as the total sleep time, the sleep onset latency, the number of awakenings and the awake
time during the night. They were reminded to fill out the digital sleep diary through nudging, delivered by
push notifications. In the evening diary, the participants filled in information about their day, in particular
about the factors which can impact sleep. This included their stress level, daytime sleepiness, naps, the
number of caffeine and alcohol units they consumed and the duration of exercise. This data was used to
measure the participants’ subjective sleep quality. The average sleep quality rating among all participants
was 3.3 out of 5 with a standard deviation of 0.5.

Source Variables

Smartwatch Sleep hour, wake-up hour, variability, efficiency, regularity, light sleep, deep sleep, dura-
tion to wake up, heart rate (avg, min, max), steps, distance, elevation

Sleep Diary Exercise duration, workday, stress level, napcount, napduration, druguse, alcoholcount,
caffeine count

Both Sleep duration, awake time, awakenings, sleep onset latency

Table 2. Variables from the Smartwatch and Sleep Diary

Data Analysis

The methods are structured in three parts as can be seen in Figure 1. First, the agreement between recorded
and reported sleep parameters was analysed. We calculated the agreement of the objective sleep parame-
ters recorded with the smartwatch and the subjective sleep parameters reported in the sleep diary for each
participant. The results from this step described how the individual participants perceived their own sleep.
Based on this information, the second step was to cluster the participants into groups with similar sleep
perceptions, using the unsupervised learning algorithm K-Means. Lastly, we analysed these clusters of par-
ticipants with different sleep perceptions. We identified characteristics of the clusters using an analysis of
variance. This allowed us to define sleep quality types. Finally, we analysed the correlations between factors
that can impact sleep quality in order to understand which areas of improvement are relevant for which
sleep quality type.

Comparison of Reported and Recorded Sleep Parameters

There aremultiple sleepparameters thatwere capturedboth objectively and subjectively. Theywere recorded
by the smartwatch and reported in the digital sleep diary app. This included sleep duration, the sleep onset
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participants in
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Agreement Clustering Twofold Cluster Analysis

Figure 1. Methodological Structure

latency, the number of awakenings and the awake time after sleep onset as can be seen in Table 2. We di-
rectly calculated the agreement of the reported and recorded parameters by taking the absolute difference
for each of the four overlapping sleep parameters for each night. This comparison showed us the gap be-
tween objective recording and subjective reporting of each participant. It remains unknown whether this
gap arises from unreliable recording or reporting, but it indicates how the recorded sleep is connected to the
individual perception of sleep of the individual participants. We took neither the smartwatch recording, nor
the participants’ reporting as ground truth, instead this comparison gave us information about how related
or unrelated these twomeasures generally are. An overview of the availability of both recorded and reported
sleep parameters of all participants can be seen in Figure 2. It shows that most participants filled out the
sleep diary regularly, with their rating represented as colorful dots. Moreover, it shows that the rating be-
havior of participants varies, as some participants gave more extreme ratings such as 1 and 5, while others
mainly rated medium sleep quality between 2-4.

Additionally, we reviewed the general reliability of the recorded and reported sleep parameterswith somnog-
raphy recordings, which is seen as a more accurate tool for sleep measurement, although not longitudinal.
The somnography sleep parameters were manually scored by sleep technologists. The participants had up
to three nights of somnography recording, smartwatch recording and digital sleep diary reporting simulta-
neously. This review gave us important information about the reliability of the recorded and reported sleep
parameters, but ultimately the aim of this proposed method is to rely only on recorded data from wearable
devices in combination with reported data from a digital symptom tracker.

Clustering

Using unsupervised machine learning, we aimed to identify clusters among participants to find out what
impacts the perception of their sleep quality. Clustering allows a more individual-level analysis of the data
by creating clusters of participants in a way that participants within a group are more similar to each other
than to participants in the other clusters. This strategy can be used to e.g. characterize clinical phenotypes
(An et al., 2020). We use the partitional clustering algorithm K-Means to identify similar groups of partic-
ipants. We chose K-means, because it is works well for balanced cluster sizes and small cluster numbers. It
furthermore has a low computation time and is easily understandable. TheK-means algorithmassigns each
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observation to the cluster with the closest mean over multiple iterations (MacQueen, 1967). The value of K
defines the number of clusters. The optimal value for K is chosen by the steepest descent in an elbow plot,
which shows the cluster impurity by the number of clusters. We performed the clustering on the calculated
agreement between the recorded and reported sleep parameters and the subjective sleep quality.

2021-12 2022-01 2022-02 2022-03 2022-04 2022-05

45
44
43
42
41
40
39
38
37
36
35
34
33
32
31
30
29
28
27
26
25
24
23
22
21
20
19
18
17
16
15
14
13
12
11
10
9
8
7
6
5
4
3
2
1

p
ar
ti
ci
p
an
ts

1

5

Su
b
je
ct
iv
e
Sl
ee
p
Q
u
al
it
y

Figure 2. Study Coherence by the Participants over Time (every dot represents a night in
which the smartwatch was worn, colored dots describe the subjective sleep quality from
the sleep app and grey dots represent recorded nights without a sleep quality rating)

The cluster analysis was twofold, i) we identified common characteristics of the participants within each
cluster and ii) we calculated the correlations between the variables and the subjective sleep quality within
each cluster. This allowed us to define sleep quality types and improve the understanding of the different
factors impacting sleep quality within the clusters. We first analysed the clusters by comparing the median
and standard deviation of each cluster. The aim of this analysis was to identify common characteristics of
participants within the clusters. Additionally, an analysis of variance (ANOVA) showed, whether the dif-
ference between the groups was significant. We performed the ANOVA for each feature to determine the F
statistic and p-value. As a second step, we calculated Spearman’s rank correlation coefficient between pos-
sible impacting factors and the subjective sleep quality over the whole study duration within each cluster.
This method resulted in a rho value between -1 and 1 for each variable, representing the positive or negative
correlation with the subjective sleep quality. Additionally, it resulted in a p-value for each correlation, rep-
resenting the significance of the correlation. In this analysis, we only considered correlations with a p-value
lower than 0.05 as significant.

Results
In the following section, we review the results of our analysis according to the different steps of our method.
We first show the gap between the reported and recorded sleep parameters, then introduce the four clusters
that were identified in the clustering and then show characteristics of the clusters and review the individual
correlations to subjective sleep quality in each cluster.

Sleep Parameter Agreement

In order to understand the relationship between objective and subjective sleep quality, we first compared
sleep parameters that were simultaneously captured with the smartwatch, sleep diary and somnography
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recording for up to three consecutive nights. This comparison showed that there is a varying agreement
of objective and subjective sleep quality among the participants. Figure 3 shows the sleep duration of the
smartwatch, digital sleep diary app and somnography in 15 exemplary participants. We can see that each
participant has a different degree of agreement between the three reported sleep parameters. Considering
somnography as the most reliable measurement, we can see that for 30% of the participants the reported
sleep duration is more accurate than the recorded sleep duration, while for 70% the recorded sleep duration
is more accurate.
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Figure 3. Comparison of Reported Sleep Duration to the Smartwatch and Somnography

Figure 4 shows the difference between the reported and recorded sleep duration. All data points above the
vertical line are nights where the participant reported a higher sleep duration than the smartwatch. All
nights under the vertical line have a lower reported sleep duration than recorded sleep duration. The color
of the data points reflects the subjective sleep quality assigned to the night by the participant. Here, we can
see that the subjective sleep quality is usually lower when the reported sleep duration is low regardless of
the recorded sleep duration. The reported sleep duration by the participants is on average 57 minutes lower
than the recorded sleep duration by the smartwatch. The participant with the highest difference between
recorded and reported sleep duration reports on average two hours less than captured by the smartwatch.
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Figure 4. Difference Between Recorded and Reported Sleep Duration
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The average number of recorded awakenings during the night is 1.6 with a standard deviation of 1.7. The
reported number of awakenings is on average 0.26 lower than the recorded value. An increased number of
recorded awakenings leads to amore extreme difference between the recorded and the reported value. Com-
paring the number of awakenings between the smartwatch and the somnography shows that the recorded
value by the smartwatch is usually too high. The sleep onset latency has the proportionally lowest agreement.
A comparison of recorded and reported values show that the smartwatch usually records a lower sleep onset
latency than the participants report. The average sleep onset latency recorded by the watch is 3 minutes,
while the average reported time by the participant is 18 minutes.

Sleep Quality Types

We found the optimal number of clusters by creating an elbow plot, that shows the intra-cluster similarity
by the number of clusters. The steepest drop of the curve can be observed at four clusters, which is why
we chose K=4. The first cluster has 11, the second cluster 8, the third cluster 11 and the fourth cluster
has 15 participants. We use the identified clusters to define sleep quality types based on their agreement,
characteristics and correlations. In the 1970s, Horne and Östberg designed a questionnaire to assess an
individual’s sleep type according to their circadian rhythm (Horne & Östberg, 1976). Based on this re-
search, sleep chronotypes have been developed, which provide personal guidance on the optimal bed and
rise times, as well as the optimal time of productivity during the day (Roenneberg et al., 2003). In contrast
to the chronotypes, the sleep quality types proposed in this research aim to show influencing factors for the
personal perception of sleep quality. The defined sleep quality types can be seen in Figure 5.

Cluster 1

High efficiency cluster

Agreement

Low reported sleep
efficiency, high recorded

sleep efficiency

Characteristics

Lowest number of
awakenings and time

awake

Correlations

Light sleep, awakenings,
activity, caffeine, naps

Cluster 2

Low efficiency cluster

Agreement

Normal reported sleep
efficiency, low recorded

sleep efficiency

Characteristics

Highest sleep duration,
but many awakenings,
high sleep variability

Correlations

Deep sleep, heart rate,
exercise, work day

Cluster 3

Low sleep quality cluster

Agreement

Average recorded sleep
parameters, lowest

subjective sleep quality

Characteristics

Highest average stress
level and highest average

caffeine intake

Correlations

Exercise, stress level,
drug use

Cluster 4

High sleep quality cluster

Agreement

Average recorded sleep
parameters, highest

sleep quality

Characteristics

Highest average steps
and lowest average
caffeine intake

Correlations

Bedtime, light sleep,
work day, stress level

Figure 5. The Four Identified Sleep Quality Types

Identified Characteristics within the Clusters

We use box plots to visually identify characteristics of the different clusters. We show the distributions in
each cluster and additionally compare them to the population mean. There is an even distribution of age,
bodymass index (BMI) and gender throughout the clusters. Themain differences we identified between the
clusters were found in their relationship between the recorded sleep parameters and sleep quality in general
and the relationship between reported and recorded sleep efficiency. Since sleep efficiency describes the
sleep duration relative to the total time in bed, a low sleep onset latency and a low duration of time awake
during the night contribute to a high sleep efficiency regardless of the total sleep duration. Therefore, sleep
efficiency is a combination of all 4 sleep parameters. The sleep quality types in Figure 5 show how the main
difference between cluster 1 and 2 are the opposing gaps between reported and recorded sleep efficiency.
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Figure 6 shows how the clusters significantly differ in their median subjective sleep quality. Cluster 4 re-
ported on average a higher sleep quality than all other clusters, even though its median sleep duration is
close to the population median of 8.2 h. What distinguishes cluster 4 is the relatively high reported sleep
duration in comparison to the recorded sleep duration. Cluster 1 has an almost identical distribution of
recorded and reported sleep duration but does not show an increased subjective sleep quality.

Figure 6. Distribution of Reported Sleep Quality, Recorded Sleep Duration, Recorded
Sleep Efficiency and Recorded Sleep Variability among the Clusters

Cluster 1 and two show differences both in the reported and recorded sleep efficiency. Cluster 1 shows a
high recorded sleep efficiency, which does not match the high number of reported awakenings and awake
time after sleep onset. Contrarily, has cluster 2 the lowest median recorded sleep efficiency, even though
the reported sleep parameters indicate a normal sleep efficiency. This cluster has the highest median sleep
duration of 9 hours but still has a below-average subjective sleep quality. We conclude that the subjective
sleep quality of cluster 2 may be mainly impacted by sleep efficiency.

Avoiding stress, being active, avoiding caffeine after midday and avoiding alcohol can be beneficial for your
sleep. Cluster 4, the high subjective sleep quality cluster, shows the highest median recorded activity during
the day and the lowest median daily caffeine intake. Cluster 3, the cluster with the lowest sleep median
subjective sleep quality, has the highest median stress level and highest median daily caffeine intake. Figure
6 shows that the second cluster has the highest variability of all clusters with a median of 1.5 hours. The
participant’s medical background gives us a further understanding of the identified characteristics among
the clusters. Figure 7 shows the prevalence of moderate and severe insomnia within each cluster according
to the insomnia severity index (Morin et al., 2011). The cluster with low sleep efficiency and high sleep
variability has a high percentage of insomnia patients, while the cluster with the highest sleep quality has
the lowest percentage of insomnia patients.

Identified Correlations within the Clusters

Figure 8 shows the correlations of each variable to the subjective sleep quality for the participants in each
cluster. Warm colors indicate a positive correlation and cold colors indicate a negative correlation. Black
indicates no correlation between the variable and the subjective sleep quality. We exclude all non-significant
correlations with a p-value higher than 0.05 from the analysis and set them to zero. All clusters show the
strongest correlation between subjective sleep quality and the reported sleep parameters. These variables
have been reported in the same way and at the same time as the subjective sleep quality, which may explain
the high correlation. Figure 8 shows that all clusters have different correlations between the given variables
and the subjective sleep quality. Cluster 1 shows positive correlations with both sleep duration and wake-
up time. This means, that a later bedtime in the morning and a longer total sleep duration are associated
with higher subjective sleep quality. Cluster 1 is the only cluster that shows a negative correlation between
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exercise and subjective sleep quality. Surprisingly, we can see a positive correlation with caffeine intake.
Cluster 2 has a negative correlation between subjective sleep quality and heart rate. A high average heart
rate during the night is associated with lower sleep quality in this cluster. Additionally, cluster 2 shows the
highest positive correlation between exercise duration and subjective sleep quality. Therefore, more exercise
is associated with higher subjective sleep quality in this cluster.

overall 1 2 3 4
cluster
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Figure 7. Insomnia Severity among the Clusters

Cluster 3 has almost no correlation with any variable from the smartwatch. The most relevant correlations
to subjective sleep quality in this cluster are the four estimated sleep measures. This cluster shows higher
correlations of this group of variables than all other clusters. This could indicate that a smartwatch is not a
suitable measurement device for this cluster. Cluster 4, the high sleep quality cluster, has a positive corre-
lation between bedtime and subjective sleep quality and has, with 12 PM, the latest median bedtime hour.
Furthermore, we can see that a higher percentage of deep sleep correlateswith higher subjective sleep qual-
ity. Similar to cluster 2, work days and stress are correlated with low subjective sleep quality.
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Figure 8. Correlations Between the Objective Attributes and the Subjective Sleep
Quality within Each Cluster (non-significant correlations are displayed as zero)
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If we take this personalized analysis one step further and look at the data of each participant individually
even more extreme correlations become visible. Figure 9 shows a correlation matrix with each row repre-
senting one participant and each column representing one variable. The top row represents the full study
population, in which only slight correlations are visible. The participants show individual correlations. We
can see that most variables both a positive correlation with subjective sleep quality in some participants and
a negative correlation in others. It further shows, that some participants have multiple strong correlations
with subjective sleep quality while other participants show none. This perspective supports our results on
the individuality of the relationship between objective and subjective sleep quality.
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Figure 9. Correlations to Subjective Sleep Quality on the Population vs Individual Level

Discussion
The results presented in this paper showed that there are gaps between the recorded and reported sleep pa-
rameters. Moreover, our findings illustrate that some individuals have higher gaps between their reported
and recorded sleep duration compared to others. This result could either be explained by measurement dif-
ficulties attributed to the smartwatch or to a form of insomnia, as affected individuals have been shown to
have a strong discrepancy between objective and subjective sleep duration (Rezaie et al., 2018). The results
furthermore show that there are big gaps between the recorded and reported sleep onset latency. When
analysing that, we need to consider, that falling asleep is a continuous process where the participant is shift-
ing between levels of consciousness, whichmakes it challenging both for the participant to give an estimation
of the time and for the smartwatch to determine the sleep onset latency. The agreement of the number of
awakenings is low across most participants. For all participants, the smartwatch records a higher number
of awakenings than reported by the participants. Most awakenings during the night are short and happen
during low consciousness, whichmakes it difficult to remember them. However, a smartwatch has a limited
ability to capture awakenings as well (Gruwez et al., 2019). Overall, comparing the sleep parameters showed
that both the reported sleep parameters from digital sleep diary app and the smartwatch deviate from the
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measurements captured by the somnography. This confirms our assumption that neither the recorded nor
the reported sleep parameters can be treated as a ground truth. However, for longitudinal sleep measure-
ments, the combination of both, is a viable option.

We showed that the information inherent in these gaps can be used to create clusters of participants with
similar sleep perception. The participants within these clusters showed commonalities regarding their me-
dian sleep quality, sleep duration, sleep variability and sleep efficiency. This result showed, that even though
two clusters show a similar median sleep duration there are still differences in the subjective sleep quality.
This is in line with the assumption of Bin (2016), who maintains that more dimensions of sleep quality than
sleep duration need to be considered. Analysing these clusters of participants with similar sleep perceptions
made correlations between exercise and subjective sleep quality visible. We observed that exercise only has
a positive correlation in two clusters. Generally, exercise is beneficial for sleep, except when done shortly
before sleep (American Academy of Sleep Medicine, 2005). Even though Hynynen et al. (2010) observe an
increased nocturnal heart rate after moderate or heavy exercise during the day, Myllymäki et al. (2012) do
not observe a negative impact on subjective sleep quality. As we only observe these correlations in one clus-
ter, this effect might be overlooked when studying the general population. The regularity of sleep does not
have a positive or negative correlation in any cluster, even though a positive correlation would be expected.
Keeping to a regular sleep duration is beneficial, as high sleep variability has a negative effect on subjec-
tive well-being (Lemola et al., 2013) and increases the risk of weight gain (Kobayashi et al., 2013). In two
clusters, the caffeine intake shows a positive correlation. This outlines a counterintuitive result, as caffeine
is typically considered to have a negative effect on sleep. However, O’Callaghan et al. (2018) describe the
complex cyclic relationship between caffeine consumption and sleep deprivation. This correlation might
therefore arise from interactions, which are not included in this model, e.g., we do not include the time of
consumption or the effects of caffeine withdrawal from caffeine natives (O’Callaghan et al., 2018). Finally,
when looking at the correlations of each individual participant, the results show an even stronger differ-
ences across individuals. This shows that sleep quality is highly individual and based on that, we would like
to emphasize the relevance of personalized sleep analysis for future research endeavours.

This paper contributes to the field of information systems in several ways. Firstly, by outlining a method
for personalized digital health monitoring utilizing a combination of recorded data from wearable devices
and reported data from digital self-tracking applications for the general population. Secondly, we show that
the user-generated health data from smartwatches and digital symptom trackers does not necessarily re-
flect the sleep parameters derived from the somnography, but still gives us valuable information about the
participant’s sleep health. Thirdly, our paper shows that by combining both objective and subjective mea-
surements and learning about the participant’s sleep perception through the agreement between the two,
we candevelop personalized sleep interventions and go from short term monitoring to reliable, dimensional
longitudinal data collection. Improving sleep monitoring with the combination of objective data fromwear-
able devices and subjective data from self-tracking apps allows individuals to actively partake in their own
health through technological interfaces, which Petrakaki (2017) refers to as technological self-care. Addi-
tionally, our paper makes contributions to the field of sleep research by comparing subjective and objective
sleep quality in a longitudinal study. To the best of our knowledge, there is no comparable study that cap-
tures both the recorded and reported sleep parameters over an extended period of time. It showed that the
sleep duration recorded by the smartwatch is on average higher than the reported sleep duration. Our results
go in linewith the results by Rupp andBalkin (2011) when comparing different wearables to a polysomnog-
raphy. However, we additionally showed that participants tend to report lower sleep parameters than the
smartwatch when they experience low sleep quality. As stated earlier in this paper, the potential of digital
symptom trackers is seemingly large. Our research confirms that including information from the digital
sleep diary app to the smartwatch measurements enhances sleep analysis. More specifically, we illustrate
an added value in including both smartwatch and user-generated health data, since both objective and sub-
jective sleep quality have clinical relevance. Finally, we show, that the interaction of these two dimensions
of sleep quality creates an additional value in itself. The agreement between objective and subjective sleep
quality contains information about the individual’s sleep perception; the combination of the two, outlines
two sides of the same pillow.

Forty-Fourth International Conference on Information Systems, Hyderabad 2023
13



The Relationship between Objective and Subjective Sleep Quality

Practical Implications

The practical implications of our research are two-fold by showing: i) the value of combining objective data
and user-generated health data and ii) the need for personalized sleep analysis to cater to the fact that there
are individual differences that are important to consider. Current methods of sleep tracking usually either
favor subjective or objective sleep data. As a contrast to that, we proposed that both are combined in order
to gain an in-depth view of an individual’s sleep. Thismethod could be transferred to other areas of informa-
tion systems and data-driven healthcare for contexts such as chronic disease management, where various
types of health data exist, but a coherent integration framework between them is needed (Bardhan et al.,
2020). In addition to that, we have illustrated interesting correlations between objective sleep parameters
and subjective sleep quality, which may be relevant in clinical practice. We showed that the relationship
between objective and subjective sleep quality varies between participants and because of that, we proposed
to analyse sleep on in a more personalized manner, through our individual based method. Moreover, our
findings show that general assumptions about sleep quality may not apply to all individuals and that issue
could be addressed by analysing clusters of individuals with similar sleep perceptions.

Limitations and Future Research

One limitation of this study is the low reliability of the smartwatch, as they can only give estimations of
the actual sleep, due to the placement of the sensor on the wrist, and the infancy of the technology to date.
Therefore, measurement errors might prevent us from estimating the true sleep parameters. They have
shown to be suitable to assess bed and rise times but show a low agreement with awakenings during the
night or sleep efficiency (Sadeh, 2011). Kang et al. (2017) showed that smartwatches are less reliable for
individuals with sleep insomnia. Furthermore, this work is based on data that is rarely collected over a
long period of time. We hope that similar studies can be conducted in the future, as one limitation of the
current research is the small number of participants in the study. It limits our ability to observe patterns
across the study population. In future research, applying the clustering method to a larger study population
may result in more significant characteristics of the clusters. Moreover, this method could be extended by
taking the temporal dimension into account and learning from the changes in the participants’ sleep over
time. Similar to Liang et al. (2016), who proposed a method for calculating individual markers for good
sleep quality, future research could do a dynamic analysis of sleep quality based on the previous nights.

Conclusion
This research showed, that the relationship between objective and subjective sleep quality is different for
every individual. Comparing the sleep parameters resulting from the smartwatch and the digital sleep diary
to the somnography showed that the reliability of both the recorded and reported parameters varied among
the participants. We used this difference between reported and recorded sleep parameters to assess the par-
ticipant’s perception of sleep. Clustering participants with similar sleep perceptions allowed us to perform
a more personalized analyse of their sleep quality. Based on the identified commonalities in sleep, activity
and daytime behavior of these clusters we defined four sleep quality types. All clusters show different cor-
relations between objective and subjective sleep parameters and subjective sleep quality. Hence, objective
and subjective sleep quality, are two sides of the same pillow, and looking at both sides is vital for assessing
sleep quality. Based on that, we propose to combine the data from both smartwatches and digital symptom
trackers to outline an individual’s perception of sleep. This allows for a more personalized sleep monitoring
and ultimately more individual, data-driven patient care in the future.
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Abstract

Artificial neural networks show great success in

sleep stage classification, with an accuracy comparable

to human scoring. While their ability to learn

from labelled electroencephalography (EEG) signals is

widely researched, the underlying learning processes

remain unexplored. Variational autoencoders can

capture the underlying meaning of data by encoding

it into a low-dimensional space. Regularizing this

space furthermore enables the generation of realistic

representations of data from latent space samples.

We aimed to show that this model is able to

generate realistic sleep EEG. In addition, the generated

sequences from different areas of the latent space

are shown to have inherent meaning. The current

results show the potential of variational autoencoders

in understanding sleep EEG data from the perspective

of unsupervised machine learning.

1. Introduction

During sleep, we wander through different stages,
characterized by certain physiological features. These
features and their temporal variation is traditionally
recorded in polysomnography (PSG), which is a
multi-signal sleep study based on multiple sensors. The
results of the PSG outline the gold standard diagnostic
method for many sleep disorders (Arnardottir, Islind, &
Óskarsdóttir, 2021; Schmitz et al., 2022). One feature
that varies significantly between different physiological
sleep stages is the brain’s electrical activity, recorded

with electroencephalography (EEG). The EEG outlines
a vital part of the PSG enabling scoring of sleep stages
with the inclusion of eye movements and chin muscle
tone (Berry et al., 2018). Currently in clinical practice,
sleep technologists classify 30-second epochs of PSG
recordings into five sleep stages; wakefulness (Wake),
three non-rapid eye movement sleep (Stages N1, N2,
and N3) and rapid eye movement (REM) sleep. The
classification is done according to the rules set by
the American Academy of Sleep Medicine (AASM)
(Berry et al., 2018). However, the current five-stage
and 30-second epochs process is a simplification that
is needed to alleviate the workload of manual sleep
staging, and both aspects lack a complete scientific
justification (Himanen & Hasan, 2000). Therefore,
the details of underlying feature variation of the
complex sleep EEG recordings remains a subject of
research. In this paper, we propose a method to
explore the relationship between scored sleep stages and
physiological sleep stages.

State-of-the-art machine learning models such as
deep convolutional neural networks (CNNs) are capable
of classifying sleep stages with similar reliability as
sleep technologists (Perslev et al., 2021; Korkalainen
et al., 2019; Phan & Mikkelsen, 2021; Fiorillo et
al., 2019). This is a major achievement for sleep
research in general and has the potential to reduce the
manual workload in clinical practice. However, these
models rely on supervised learning using labelled sleep
recordings (Korkalainen et al., 2019). As a result, they
express high classification accuracies but are limited
to repeating the manual sleep staging which they are



trained with, in an automatic manner. In addition,
the learning process and the used features are often
untraceable and difficult to visualize.

Samek et al. pointed out, that due to the lack
of transparency at the machine learning models, we
can neither verify them nor learn from them (Samek,
Wiegand, & Müller, 2017). Consequently, there is a
rising demand toward explainable artificial intelligence
(XAI) (Gerlings, Shollo, & Constantiou, 2020), i.e.
machine learning models that not only provide an output
but also enable the understanding how the output was
achieved (Shaban-Nejad, Michalowski, Brownstein, &
Buckeridge, 2021; Linardatos, Papastefanopoulos, &
Kotsiantis, 2021; Rudin, 2019). There is a long
withstanding discussion of the need for unpacking
technology (Orlikowski, Iacono, et al., 2001; Kallinikos,
2002), and more specifically, on unpacking artificial
intelligence (AI) and moving away from the black-box
mentality (Castelvecchi, 2016).

In this paper, we aim to take a first step towards
making machine learning models in sleep research more
traceable, which is strongly needed especially in the
healthcare sector. In sleep, just like in any other medical
application of machine learning, the decisions made by
a model come with a high responsibility, as they directly
affect the health of a patient. For this reason, XAI
helps medical professionals to gain trust and increase
the actual usage of those systems (Xie, Gao, & Chen,
2019). Lately, generative machine learning models
have been helpful in XAI through visualizations (Kahng,
Thorat, Chau, Viégas, & Wattenberg, 2019). One of the
most studied type of generative models is a Variational
Autoencoder (VAE), a specifically structured generative
autoencoder (Kingma & Welling, 2019). VAEs have
been used for example to generate interpretable features
of electrocardiography (ECG) (Kuznetsov, Moskalenko,
Gribanov, & Zolotykh, 2021). Moreover, VAEs have
increased the classification accuracy of EEG-based
speech recognition systems (Krishna, Co, Carnahan, &
Tewfik, 2020).

… … …
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Figure 1. General Architecture of a Variational
Autoencoder

Based on the previous findings, we hypothesize that
VAEs have the potential to learn the underlying feature

variations of sleep EEG recordings. In this proof of
concept study, we aim to generate realistic sleep EEG
using VAEs. In addition, we aim to show that VAEs
can make an interpretable latent space using sleep EEG
inputs. We furthermore discuss how this method could
pave the way for a deeper understanding of sleep stages.

2. Related Work

Previously, autoencoders have been used in the
context of sleep staging as a preprocessing step or as an
unsupervised classifier. Najdi et al. used an autoencoder
to learn a compact feature vector of PSG data in a
sleep stage classification algorithm (Najdi, Gharbali,
& Fonseca, 2017). Moreover, Perslev et al. utilized
a typical architecture of convolutional autoencoders
in another supervised sleep stage classification model
(Perslev et al., 2021). Similarly, Prabhudesai et al.
developed a method to automatically learn features from
the raw EEG data with an autoencoder, which were
then used to cluster the data to different sleep stages
(Prabhudesai, Collins, & Mainsah, 2019). Autoencoders
can also be used for unsupervised pre-training before
supervised classification as shown by Wei et al. (Wei,
Zhang, Wang, & Dang, 2018). In this study, we
do not want to outperform the previous models in
terms of classification accuracy but rather deepen the
understanding of the sleep stages by investigating the
properties learned by the autoencoder.

Variational autoencoders have shown their ability
to create a meaningful latent space in other domains
such as language processing (Song, Sun, Chen, Peng, &
Song, 2019), image generation (Razavi, Van den Oord,
& Vinyals, 2019), and cancer diagnosis (Way & Greene,
2018). In the medical field, VAEs are used to gain an
understanding of ECG data (Kuznetsov et al., 2021).
VAEs can also be used for emotion recognition based on
EEG (Li et al., 2020) and extracting features for speech
recognition on EEG data (Krishna, Tran, Carnahan, &
Tewfik, 2020). To the best of our knowledge, VAEs
have not been applied to sleep EEG data before as a
generative model.

3. Theoretical Background

3.1. Variational Autoencoders

Autoencoders are artificial neural networks, which
encode the data into a latent space and then decode
it as closely as possible back into its original shape.
It is a reconstruction-based form of representation
learning, since the model is trained by comparing the
reconstructed output with the original input (Bengio,
Courville, & Vincent, 2013). The fundamental



concept of autoencoding lies within the autoencoder’s
architecture, consisting of an encoding function, an
intermediary latent space, and a decoding function as
illustrated in Figure 1 (Goodfellow, Bengio, Courville,
& Bengio, 2016).

VAEs make an addition to this architecture by adding
a probabilistic manipulation to the latent space variables
(Kingma & Welling, 2013). In VAEs, the encoder’s
architecture comprises two fully connected layers
connected into two latent vectors. The vectors’ elements
represent the mean and variance of a normal distribution
X ⇠ N (µ, �2) for each latent space dimension.
Furthermore, the encoder comprises a sampling layer,
which maps the measures of the probability distribution
into the final latent space samples. These samples also
compose the input of the decoder (Spinner, Körner,
Görtler, & Deussen, 2018). In contrast to normal
autoencoders, VAEs also function as generative models.
The generative nature of VAEs emerges from the
sampling layer, which enables the sampling of the
probabilistic latent space, as well as from the decoder,
that can be used to generate reconstructions from the
latent space samples (Kingma & Welling, 2013).

Although the latent space has a simple probabilistic
nature, a reconstruction loss-based optimization alone
can lead to an overly complex, non-continuous, and
unorganized latent space structure. In this case,
generated representations of the latent space can be
hard to interpret or completely unrealistic (Kingma
& Welling, 2013). Therefore, VAEs introduce a
regularization term in the total loss of the model. This
term is added to the reconstruction loss and controls the
structure of the latent space during optimization. The
total loss is therefore a combination of two parts, i.e.

Total loss = reconstruction loss + regularization,

where reconstruction loss is usually the mean squared
error (MSE) or mean absolute error (MAE) between the
input and the output of VAE for one-dimensional signals
(Kuznetsov et al., 2021; Krishna, Tran, et al., 2020).

In the case of VAEs, the regularization term
is defined using Kullback-Leibler (KL) divergence,
which is a statistical distance measure between two
distributions (Kullback & Leibler, 1951). The distance
is computed in each iteration of weight optimization
between distributions of the latent space samples X ⇠
N (µ, �2) and a unit normal distribution I ⇠ N (µ =
0, �2 = 1). Thus, by minimizing the KL divergence,
we force the latent probability distributions to follow
a normal distribution, making the latent space more
organized and continuous (Kingma & Welling, 2013).

The total loss can be written as follows:

Total loss = MSE(input, reconstruction)

+KL(X, I).

Because of the difference in dimensionality between
the input data and the latent space, the MSE and
KL loss are averaged before summation. The
additional regularization enables the creation of a
continuous and potentially meaningful latent space,
but reduces the autoencoder’s ability to accurately
create reconstructions (Asperti & Trentin, 2020).
Nevertheless, we can adjust the balance between
good reconstructions and more continuous latent space
(Alemi et al., 2018). However, better reconstructions
come with the cost of possibly overlapping latent space
clusters and noisier encodings. One of the methods
used in balancing between these two factors is called
�-VAE (Higgins et al., 2017). This method multiplies
the KL loss with a constant �. It has also been shown
that monotonically or cyclically updating the � value
increases the performance of VAEs as well as helps with
an easily vanishing KL term (Fu et al., 2019).

As explained, the latent space of the VAE is
more continuous in contrast to the sparse latent space
created in normal autoencoders. As the latent space
is distributed around the origin and generally shares a
similar value range, a valid output can be generated
from decoding points in the latent space (Spinner et
al., 2018). Due to these special properties of the latent
space in variational autoencoders, the newly generated
samples and their position in the latent space become
interpretable.

3.2. Convolutional Layers

The advantage of convolutional neural networks
(CNN) is that they extract visually meaningful
information. Even though CNNs are most commonly
used for image processing, they have also shown to be a
suitable approach for transforming EEG data (Bashivan,
Rish, Yeasin, & Codella, 2015). A convolutional layer
of a CNN slides a kernel of a filter over the input to
extract features at each position. A filter is therefore a
stack of matrices, the kernels, which factors are learned
during training (O’Shea & Nash, 2015). The kernel
size defines the size of the sliding window which is
passed over the data. Smaller kernels tend to collect
more local information, while larger kernels extract the
global, high-level features (Gu et al., 2018). CNNs
usually comprise multiple convolutional layers with a
different number of filters and different kernel sizes. In
this way, the architecture of the CNN is constructed to
extract information on multiple scales. Furthermore,



using convolutional layers in VAEs, the size of the input
can be gradually decreased towards the latent space to
reduce dimensionality while extracting information.

4. Method

4.1. Data

For this paper, we used 50 PSG recordings, which
totals in 381.13 hours of EEG data. The data collection
was approved by the National Bioethics Committee
of Iceland (21-070). Informed written consent was
obtained from all participants before measurements.
We have a diverse study population with 27 male, 19
female, and 4 unspecified-gendered participants. The
study population included participants with and without
diagnosed sleep disorders. More information about the
study population can be found in Table 1.

Table 1. Demographic information of the study
population (n=50)

Variable Mean ± SD
Age [years] 44.2 ± 13.4
Weight [kg] 84.1 ± 21.7
Height [cm] 174.9 ± 9.9
BMI [kg/m2] 27.3 ± 5.3
AHI [1/h] 12.0 ± 13.2

SD = standard deviation, BMI = body mass index, AHI =
apnea-hypopnea index

The PSG recordings were conducted at Reykjavik
University as part of the Sleep Revolution project. The
PSG was set up by a professional sleep technologists
and the participants slept at home in their natural
sleeping environment. The Type II PSG recordings
were conducted using a portable PSG device (Nox A1,
Nox Medical, Reykjavik, Iceland) and included EEG as
recommended by the AASM (Berry et al., 2018). We
used the F4-M1 channel from the EEG recordings as a
single-channel input to the VAE, as it is commonly used
in manual sleep staging. Only one channel was used to
keep the feature variation of the input EEGs reasonable.
For visualization and exploration of the latent space,
we used the manual scoring of sleep stages, which
was conducted by an experienced sleep professional
according to the AASM scoring manual (Berry et al.,
2018).

4.2. Preprocessing

The EEG signals were originally saved using 200
Hz sampling frequency in the Noxturnal (Nox Medical)
software and exported to EDF format. The signals
were then preprocessed with Python according to the

following steps. First, we downsampled the signals to 64
Hz to reduce the computational burden and complexity
of EEG signals. Second, we applied high-pass filters
with a cut-off frequency of 0.3 Hz, as recommended in
the AASM scoring manual (Berry et al., 2018). Finally,
we scaled the signal amplitudes into a range between 0
and 1 using min-max scaling. We confirmed that the
EEG signals appeared normal after each preprocessing
step as illustrated in Figure 2. These preprocessing steps
were conducted per subject to preserve the amplitude
variation in each recording.

The recording has a length of approximately 7 hours
per participant. To work with this data in a machine
learning context, we split it into smaller 10-second
sub-sequences. Sleep stages were manually scored in
30 second windows, but we chose the time window of 10
seconds to reduce the length of the time series processed
by the VAE. The 10-second segments were randomly
divided into training (90%) and testing (10%) sets,
resulting in 357.9 hours or 128857 segments of EEG
data for training and 39.8 hours or 14318 segments of
EEG data for testing. In unsupervised machine learning
the division to train and test sets is not mandatory but we
chose to include it for experimental reasons.

Figure 2. A 30-second sample of the input EEG after
each of the preprocessing steps.

4.3. Optimization

The models were implemented using TensorFlow
version 2.8.0 (Abadi et al., 2015) and Keras application
programming interface. We optimized the VAEs using
the Adaptive Moment Estimation (Adam) algorithm
(Kingma & Ba, 2015) with default Keras configurations.



The weights were updated in batches of size 100 until
the total loss converged or until 100 training epochs.

During the training of the VAE, both the
reconstruction error as well as the KL divergence
were taken into account. A common problem with
VAEs is the KL divergence collapse problem (Asperti
& Trentin, 2020; Alemi et al., 2018), which arises from
unequal scales of the reconstruction error and the KL
divergence. To ensure a balance between them, we used
the �-VAE method.

5. Experiments

5.1. Dense VAE

As a proof-of-concept of VAEs operating with sleep
EEG data, we ran experiments on the most simple VAE
architecture. This architecture comprised only a single
dense connection between the input and latent space
parameters as well as the latent space sample and the
output of the decoder. Furthermore, we used the input
size of the signal (640 samples) as the latent space
dimension to further increase the simplicity of our
method. We increased the weight of reconstruction loss
in the total loss using constant � = 0.0001 multiplying
the KL term. The learning rate was decreased from 0.01
with 0.001 steps after each iteration until optimization
stopped or the learning rate reached a value of 0.001.

Figure 3. Three exemplary inputs of 10-second EEG
segments (blue) and their reconstructions (red) using

the dense model.

Our experiment to reconstruct EEG with a simple
dense VAE clearly showed the ability of VAEs to work
with highly complex EEG inputs. The reconstructions
shown in Figure 3 were achieved after 100 epochs of
training. Despite the desired reconstructions, this model
was unsuitable for the intention to explore the sleep EEG

data through latent space, as the latent space had no
dimension reduction relative to the input data.

5.2. CNN VAE

Moving from high-dimensional latent space to
reducing the dimensions into something that can
be visualized, we chose to experiment with three
dimensions in the latent space. Following the major
change in the dimensional reduction of input data, the
purpose was not to reach similar reconstructions as
shown with our simple dense model. Instead, we
experimented with whether the VAE can still extract
features relative to input data and generate realistic
EEG samples. For meaningful feature extraction,
we included a CNN layer in the VAE’s architecture.
Keeping the experiment simple, only one convolutional
or respectively deconvolutional layer was added to both
the encoder and decoder. We used 256 filters with
kernels of size 5 for the convolutions. Then, we reduced
the length of the sequence with max-pooling. In the
following layer, we flattened the sequence into one
dimension, before connecting it to the latent vectors.
Here, instead of forwarding the exact position in the
latent space to the decoder, the mean and variance of
a normal distribution were used to sample a position in
the latent space. At this point the data was compressed
to a vector of length three, which was then transformed
back into its original shape by the following layers.

In the decoder, we used a dense layer which mirrored
the transformation of the sampling and a reshape layer
that mirrored the transformation of the flattening layer
in the encoder. Then, an up-sampling layer was used
to mirror the max-pooling. Finally, a deconvolutional
layer with one filter and kernel size 5 brought the data
back into their original shape. Both in the encoder and in
the decoder, we used Rectified Linear Units (ReLU) as
activation functions. For the optimization of this model,
we gradually increased the weight of the KL divergence
from � = 0.01 to � = 1 in 100 epochs. In this manner,
the model should first learn the reconstructions, after
which the latent space is made regular (Higgins et al.,
2017). A constant learning rate of 0.001 was used for
optimization of this model. In the following Results
section, we refer to the results achieved with the CNN
VAE.

6. Evaluation

6.1. Turing Test

The Turing test is an experimental set-up developed
by Alan Turing to test the intelligence of a machine
(Turing, 2009). Originally, the test was designed to



Figure 4. Generated artificial EEG segments (10 seconds) sampled with linear intervals from the first and the third
axis of the latent space, keeping the second dimension coordinate constantly as zero.

determine whether an interrogator can distinguish a
human from an AI in a dialogue with both of them.
We used the principles of this test by confronting a
sleep technologist with both real and artificially created
EEG sequences. This way, we evaluated whether the
sequences generated by our VAE were realistic.

We sampled 10-second segments randomly from the
input EEG signals. In addition, we created artificial
EEG segments by randomly sampling each of the latent
space coordinates from a uniform distribution between
-3 and 3 and passing the resulting point to the decoder.
In the first step, the totalling 50 signal segments were
then distributed randomly on a 5x10 grid including 46
real and four artificial EEG sequences. A sleep expert
was asked to point the four artificial EEG sequences out.
In a second step, we confronted the sleep technologist
with a 3x6 grid (18 sequences) including likewise four
artificially created EEG sequences.

6.2. Manual Review

In order to verify that our model could not only
generate realistic EEG sequences, but also created a
meaningful latent space, we manually reviewed the
generated sequences with the sleep technologist. In
this experiment, we showed the sleep technologist two
maps of artificial EEG segments on a 5x10 grid sampled

and decoded from the latent space. One map showed
samples from the first and second axis of the latent
space, while a second map showed the first and third
axis. In both maps, the excluded dimension was kept
at a constant value of zero. For visualisation purposes,
we extracted the mean from each segment and fixed the
y-axis limits of the subplots to be constant. To gain an
understanding of different axes, sleep technologist was
asked to give an estimation of the sleep stage of different
EEG sequence. We furthermore asked for the presence
of sleep stage specific patterns and artifacts.

7. Results

The Turing test-like experiment showed that the
sleep technologist was not able to identify any of the
four artificial EEG sequences from the real examples
in a set-up of 50 sequences. Also, in a set-up of 18
sequences, the sleep technologist was unable to identify
the four artificial ones. From this, we conclude that our
VAE can generate realistically looking EEG sequences.

Using the CNN VAE, the generated artificial EEG
sequences showed different features according to the
latent space position they originated from. Figure 4
shows a map of points sampled from the first and
third axis of the latent space, keeping the second axis
coordinate constant at zero. The variation of the



Figure 5. Signal segments (10 seconds) sampled from the latent space axes 0, and 2.

sequences sampled from different positions were clearly
visible. We can observe lower amplitude signals to
originate from the center of the latent space while
amplitudes increased when increasing values of the first
and third axis. In some parts of the latent space the VAE
also generated sequences that do not look like EEG at
all or resemble artifacts. These sequences might arise
due to noncontinuous area of latent space or might be
learned from artifacts in the training data.

The sleep technologist confirmed by manual review
that samples from certain positions along axes of the
latent space resemble certain sleep stages. It needs to be
noted, that this was not a proper scoring according to the
AASM rules, but instead a subjective estimation based
solely on the shape of the signal. However, this variation
showed that the samples were not randomly generated,
and that the axis of the latent space contains meaning
and reflects features typical for different sleep stages.
Figure 5 shows samples generated from exemplary
positions in the latent space. In this visualization, the
second axis was held at a constant value of 0. The
sequence in the top left corner was perceived as REM
or N1 sleep by the sleep technologist, while the sample
in the bottom left corner was perceived as deep sleep
(N3).

Figure 6 shows clustering of the training data along
the first axis of the latent space. In the three-dimensional
visualization of the latent space, the sleep stages were
slightly organized into clusters. However, depending on
which axis was visualized, more clusters not related to
the sleep stages become visible.

8. Discussion

In this paper, we aimed to show that VAEs can
be applied to sleep EEG data. This is an important
contribution to the field of information technology in

sleep research as this model proposes novel methods to
generate insights into sleep structure. The main novelty
of this work is that it follows the principles of XAI, by
making the latent space interpretable and the learning
process traceable. Secondly, the proposed model is fully
unsupervised, and hence does not require any manually
scored data nor carry the bias introduced by manual
scoring during the training.

The present results indicate that VAEs are able to
generate realistic but synthetic samples of EEG with
varying features that are common to sleep EEG data.
In addition, we showed that the created latent space
was not random, but reflected features of different sleep
stages in different positions along the axes. Finally,
the results illustrate that a simple convolutional VAE
was capable of generating preliminary clustering of the
EEG data in the latent space. Therefore, we suggest
that this method could open a way to understand sleep
stages in a more sophisticated manner than previously
achieved through manual analysis and unpack some
of the criticized mystery related to AI. It also shows
preliminary potential of comparing unsupervised sleep
staging to supervised sleep staging and manual sleep
staging through labeling of the latent clusters.

The artificial EEG sequences generated with the
VAE were not distinguishable from real EEG segments
to an expert sleep technologist. Although this
observation contains the bias of a subjective opinion of
a single sleep technologist, it shows that the artificial
sequences can be considered realistic. It furthermore
indicates that even the simple neural network model
can learn some features representing the input data. It
should also be noted, that the method is scalable to
studying neural networks of different architectures in
the encoder and decoder. This method could therefore
help in understanding some of the already existing sleep
staging models (Perslev et al., 2021; Korkalainen et al.,



2019; Phan & Mikkelsen, 2021; Fiorillo et al., 2019).
The variation within our latent space, representing

features that might be attributed to different sleep stages,
shows how the model built an understanding of the
EEG sequences in an interpretable way. The high
complexity inherent in the combination of thousands of
weights within the neural network prevents us from fully
tracing what is learned during the training. However,
the continuous latent space created by the VAE is a
sophisticated visual approach to understand the features
that are learned by the model. In order to get a more
holistic evaluation of the methodology, it would require
an in-depth analysis by multiple sleep technologists.
That is however outside the scope of this paper. In
addition, more quantitative analyses of the generated
EEG signals are needed in the future.
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Figure 6. Embedding of EEG sequences used in
training within the three-dimensional latent space,

colored by sleep stage. Values on the axes represent
means of the latent space samples. Colors: Yellow =

REM, Green = N3, and Purple = Wake.

Compressing the data into a three-dimensional and
continuous latent space comes with a certain cost.
First, the low dimensionality creates a tight bottleneck
in which inevitably information is lost. Second, the
sampling layer introduces randomness to the model.
Hence, the autoencoder faces a trade-off between
accurate reconstructions of the input signals (as seen
in the dense model) and a meaningful latent space
suitable for generating data (as seen in the CNN
model). Regarding the high complexity of our input
signal, a sequence of a multi-frequency biosignal with
a length of 640 samples, it is hard to achieve accurate
reconstructions even with the dense model that operated
without any dimensionality reduction. However, the
purpose of the model is not to perfectly reconstruct
compressed input signals, but to create a latent space

from which realistic EEG can be generated. From
this perspective, the reconstructions are not an issue,
as the individual peaks and troughs are irrelevant
for realistic EEGs, while the general frequency and
recurring patterns matter more (Berry et al., 2018).

Moving away from manual review, we can also
perceive an irregular distribution of sleep stages in
the latent space when using the manual sleep stage
scoring as labels. The slight clustering of sleep stages
within the latent space hints towards further possibilities
for unsupervised sleep staging. However, to achieve
this, more sophisticated models that better capture the
feature variation of input EEGs are likely needed.
One possibility could be a concatenated model with
separate branches of convolutional and dense layers, as
proposed in (Kuznetsov et al., 2021). However, adding
complexity to the model might make the optimization
of the model more difficult. This in turn highlights
the need for more adaptive optimization methods such
as VAEs with calibrated decoder (Rybkin, Daniilidis,
& Levine, 2020) or VAEs utilizing single-parameter,
continuous Bernoulli distributions (Loaiza-Ganem &
Cunningham, 2019). Furthermore, some clusters we
observed in the latent space, which were not related to
sleep stages might represent other factors, e.g. patient
demographics. In order to study this assumption, other
attributes such as age, gender, and sleeping disorders
need be considered in the future. Another method
could be splitting the data before training into subgroups
based on other attributes and comparing the latent spaces
that are created. Especially training one model on
recordings by participants with obstructive sleep apnea
(OSA) and another model on participants without any
sleep disorders could reveal differences in their EEG
features. Before these experiments are possible, more
methodological studies on using VAE with sleep EEG
data need to be conducted.

9. Conclusion

We can conclude, that this paper is preliminary work
that explored the possibilities of VAEs in sleep research,
opening up several new research directions in the future.
This study contributes an addition to traditional machine
learning-assisted sleep research in the following ways: i)
by introducing a method for generating realistic artificial
EEG; ii) by showing potential of providing in-depth
understanding of sleep EEG and sleep staging through
XAI, and; iii) by creating the foundation for attempting
unsupervised sleep staging through clustering in the
latent space. Our findings are relevant for the field of
sleep research and health information systems in general
because we show how a VAE can act as a generative and



interpretable model for EEG data. Generating realistic
EEG sequences is not only relevant for sleep research
but can also be used as a method in various medical
domains, and as such, apply to a variety of health
information systems issues. We hope that introducing
XAI in sleep research could increase the acceptance
and usage of AI systems by sleep professionals in the
hospital and beyond.
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Deriving Association Rules from User Engagement in 
a Digital Therapeutics Application for Sleep 
Improvement 

Abstract 
Background: The demand for sleep interventions is high and steadily growing. Digital 
therapeutics (DTx) can be a way to tackle this challenge for at least a portion of the patients. 
Mobile applications can help individuals improve their sleep remotely, over an extended time, 
and with less effort from medical professionals. The severity of obstructive sleep apnea (OSA), 
as one of the most prevalent and consequential sleep disorders, can be reduced with health-
supporting behavioral changes such as physical exercise and weight loss and, therefore, acts as 
a promising application for DTx. 
Objective: We aimed to analyze a digital intervention from a medical and technological 
perspective by moving beyond clinical markers and exploring deeper how the DTx application 
was used and how that may be related to the study outcome. We introduced a way of using 
unsupervised machine learning to analyze the participants’ sleep, behavior, and engagement 
with the DTx application on a day-to-day level. 
Methods: A lifestyle intervention study (n=55) targeted at adults with mild-to-moderate OSA 
aimed to reduce their OSA severity using a DTx application over a study period of 12 weeks. 
The participants’ OSA severity was assessed through a polysomnography at the beginning and 
at the end of the study period and the participants tracked their sleep with a digital sleep diary 
and a smartwatch over the course of the entire study. The DTx application furthermore provided 
data on when and how the participants pursued the proposed lifestyle interventions. This 
multimodal data was explored through descriptive statistics, and association rules were derived 
using the apriori algorithm. 
Results: Analyzing the interaction of the participants with the application showed which 
lifestyle interventions they pursued and how their behavior and sleep changed over time. The 
participants with reduced OSA severity showed higher engagement with the DTx application, 
particularly the food-related interventions. The association rules showed that changes in 
awakenings during the night, staying awake in bed in the morning, and sleep quality frequently 
co-occurred with the education and movement missions.      
 Conclusion: The study showed that DTx can be an effective treatment approach for some 
participants, particularly those who showed active engagement with the DTx application. We 
furthermore showed the richness of the different data sources offered in a digital intervention 
using wearables and how they can be employed to get an in-depth understanding of the study. 

Keywords: Sleep, DTx, Wearables, Association Rules, Lifestyle Intervention. 

Introduction 
Digital Therapeutics (DTx) are expected to influence the way healthcare is delivered all around 
the world [10]. Wang et al. define DTx as software that provides evidence-based medical 
interventions for disease or disorder prevention, management, and treatment [36] and DTx is 
a central element within digital health. This three-fold focus on preventing, managing, and 
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treating diseases through DTx has shown to be successful for chronic and difficult-to-treat 
diseases and to lead to sustainable long-term outcomes [17]. Since sleep is one of the pillars of 
health [8] and obstructive sleep apnea (OSA) is highly prevalent in the general population [27], 
it is vital to study the relationship between DTx and OSA treatment. DTx has the strength of 
delivering care remotely, which enables users to take part in interventions over a continuous 
and extended period in the comfort of their own homes. It is a “one-to-many model of care,” 
providing personalized healthcare while utilizing fewer resources [24]. Fürstenau et al. identify 
the combination with wearables, which can track sleep and activity longitudinally, as a 
promising future research area [15]. In this work, we will both analyze usage patterns in the 
DTx application enriched with information from a digital sleep diary and clinical markers from 
a lifestyle study for adults with OSA. 

Sleep-disordered breathing encompasses a range of breathing-related sleep disorders, from 
habitual snoring to severe OSA. OSA is the most common form of sleep disorders worldwide, 
and is characterized by temporary interruptions of breathing during sleep due to upper airway 
obstruction [30, 33]. Globally, an estimated 425 million individuals suffer from moderate to 
severe OSA (defined as 15 or more events per hour) [6]. Clinically, apnea is defined as a 
complete cessation of airflow lasting more than 10 seconds, while hypopnea refers to a partial 
reduction of airflow (by at least 30%) for at least 10 seconds [27]; the Apnea-hypopnea Index 
(AHI) quantifies these events per hour. These disruptions frequently lead to reduced blood 
oxygen levels, triggering awakenings from sleep, which in turn prevents OSA patients from 
achieving sufficient restorative sleep. As they often return to normal breathing without recalling 
the interruptions, approximately 80% of individuals with OSA remain undiagnosed [29]. Figure 
1 illustrates the mechanism of airway obstruction in OSA patients. 

 
 

 

 a.) A normal breath b.) An upper airway obstruction 

Figure 1: A normal breath vs. an upper airway obstruction 

Managing OSA effectively remains challenging despite the availability of efficacious 
therapies. The most common treatment for OSA is continuous positive airway pressure (CPAP) 
therapy, which applies a constant level of pressure to the upper respiratory tract through a nasal 
or oronasal mask. Even though CPAP can dramatically reduce OSA events and improve 
symptoms, ensuring long-term adherence to CPAP is challenging in clinical practice. Many 
OSA patients struggle with CPAP due to discomfort, inconvenience, or lack of perceived 
benefit, undermining its real-world effectiveness. Contemporary research aims to improve OSA 
without medical devices but rather by initiating health-supporting behavioral changes, e.g., an 
exercise-based lifestyle intervention [12], reducing obesity levels [13], or improving muscle 
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tone with myofunctional therapy [9]. In this context, digitally delivered interventions for OSA 
are a promising research direction as a means to educate patients, promote healthy behavior 
change, and remotely monitor progress over an extended period. 

DTx represents a convergence of medical science, interaction design, and computer science, 
with the aim to transform healthcare in general and chronic disease management in particular. 
Therefore, when testing their effectiveness on participants, the application should be viewed 
from different perspectives, including known clinical markers of treatment success as well as 
insights from user engagement. In this paper, we focused our efforts on answering the following 
research questions (RQs): 

RQ1: What are engagement patterns of participants in the DTx application? 

RQ2: How is engagement related to changes in the participant’s behavior and sleep? 

In the following sections, we review existing research on DTx for sleep improvement and 
digital therapeutics using wearables, introduce the lifestyle intervention study, describe the 
statistical methods used for analysis, and discuss the results in the context of existing literature 
on digital health and personalized medicine. 

Related Work 
Behavioral interventions are a common approach to improving sleep quality for people with 
and without sleep disorders [26]. A web-based DTx application to improve sleep efficiency 
showed significant improvements for people with insomnia [12]. Web-based DTx for sleep 
improvement has also shown positive effects on the sleep of people without insomnia [34]. 
Comparing different forms of DTx, Luik et al. [23] identified three levels i.) DTx as support 
for offline therapy, ii.) DTx as the main therapy with the support of a health professional, iii.) 
DTx as a fully automated digital intervention program. One example is the work by Wickwire 
et al. [37], who used a combination of web- and app-based DTx in parallel with a commercial 
off-the-shelf sleep tracker. There are no publications focusing on DTx applications for OSA 
treatment in the existing literature, making this research area highly relevant. Friðgeirsdóttir et 
al. [13] was the first randomized control study to use exercise and a DTx application to reduce 
OSA severity. We aimed to build upon and complement their work with in-depth analysis of 
the DTx intervention group. 

Research has extensively demonstrated the effectiveness of digital interventions for sleep 
improvement, but most research has been done in the medical field. However, given the 
technological nature of these interventions, a comprehensive evaluation requires considering 
both medical and digital perspectives. Specifically, the interaction of the participant with the 
application is crucial for ensuring that such interventions are engaging, intuitive, and tailored 
to their needs. Aji et al. [3] conducted a systematic review of existing DTx applications for 
sleep improvement. They identified personalized sleep feedback, educational material, and a 
digital sleep diary as their most common features. 

Understanding how participants engage with digital health interventions and whether that 
engagement translates into better outcomes is an active area of research in medicine and health 
informatics. Previous studies have approached this issue by analyzing engagement data to 
identify usage metrics or patterns and then examining their association with clinical or 
behavioral outcomes. Overall, their findings suggest that patients who actively use and 
participate in digital interventions are more likely to benefit from them [25, 5]. 
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Association rule mining is used to analyze co-occurrences of events and has been applied 
in different fields in digital health. For example, Concaro et al. [10] used clinical variables from 
medical health records to analyze the relationship between clinical variables and drug effects. 
There are multiple publications that used association rule mining to identify patterns in the data 
from sleep questionnaires, sleep parameters from polysomnography (PSG), and demographic 
information about participants [1, 21, 17]. The publication by Liang et al. [22] shows how 
longitudinal data from a smartwatch can be used to discover factors relevant to people’s sleep. 
We pursue a similar research direction by applying association rule mining on the data collected 
through a DTx application, identifying patterns in the engagement of the participant in the sleep 
lifestyle intervention. 

Methods 
Study Design 
This research is based on a study conducted within the EU Horizon Project Sleep Revolution 
[4]. The study spanned a 12-week period and participants were asked to (i) have a three-night 
self-applied PSG at the beginning and at the end of the study, (ii) wear a Withings smartwatch 
(Issy-les-Moulineaux, France), (iii) report their sleep in a digital sleep diary mobile application 
and, (iv) follow a lifestyle intervention program with the aim of improving their lifestyle, and 
ultimately their OSA for 12 weeks.. The study is covered by ethical approval of the National 
Bioethics Committee of Iceland (VSN-22-082). The study population included 192 adults 
between the age of 18–50 years, who have a body mass index (BMI) ≥25 <42 kg/m2. The 
gender balance was 50.9% males. The participants had mild-to-moderate OSA, with an AHI 
between 5 and 30. The study population was randomly divided into three intervention groups. 
One of these groups used a digital health program developed by Sidekick Health (Reykjavik, 
Iceland). The participants used the Sidekick Digital Therapeutics (SK-DTx) application as the 
intervention program. Friðgeirsdóttir et al. conducted a statistical analysis on all three groups 
of the randomized control trial [13]. Their work showed that the DTx group reduced weight, 
neck circumference, body fat, visceral adiposity, and skeletal muscle mass. However, there was 
no significant improvement in OSA severity in the DTx group. In this paper, we aim to extend 
their work by analyzing the participants’ engagement with the DTx application in relation to 
their improvement in OSA severity, as well as changes in their sleep and behavior on a day-to-
day level. The DTx intervention group included 55 participants with a mean age of 37.1 years 
and a mean BMI of 32.8 kg/m2. They had an average AHI of 12.1, i.e., on average, 12 apneas 
or hypopneas per hour of sleep. An overview of the demographic information of the DTx group 
can be found in Table 1. 

Table 1: Demographic Information 
Variable  Mean ± Standard Deviation  
Age [years] 37.1 ± 6.8 
Body Mass Index [kg/m2] 32.9 ± 4.1 
Apnea-hypopnea Index [events/h] 12.1 ± 9.7 

 
 
The DTx application provides the participant with suggestions for behavioral interventions 

to improve their sleep. The DTx application guides the participants to improve their lifestyle 
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by goalsetting, self-monitoring, and completion of health-related tasks. This touches on 
different areas of healthy lifestyle i.) creating awareness for eating habits, nutrition, and diet 
through educational material and meal logging, ii.) attempting to prevent stress through 
relaxation, meditation, and mindfulness exercises iii.) it motivates participants to do activity 
and exercise iv.) providing general health education to the participant, and v.) helping the 
participant to take care of their own health through tracking and reminders. The overall goal of 
the intervention is to increase the frequency of healthy lifestyle behaviors and, by that, improve 
the health of the participant. 

The intervention concept of the application is based on missions that the participant is asked 
to follow. Missions addressing these different areas of healthy lifestyle appear on the dashboard 
and the participants can select which ones they want to complete. An overview of the different 
mission categories can be seen in Table 2. The types of missions and the content of the missions 
have been designed particularly for sleep improvement. However, the application can be 
customized to other conditions and interventions as well and has shown success, for example, 
in obesity [35], and diabetes [16]. The application uses gamification in terms of design, 
competition, and rewards. This way, the DTx application uses storytelling to frame the mission 
as enjoyable tasks. The tasks provide instant gratification to the participant by showing personal 
achievements and providing social interactions. Participants track their personal achievements 
by collecting points, which earn them virtual rewards. Social interaction is created through 
messages from a coach, with whom the participants can communicate through the app. 
Additionally, a mascot aims to motivate the participant to follow the interventions. These 
gamification elements aim to nudge the participant towards a healthier behavior [38]. 

Table 2: Types of Missions 
Mission Description 

Education Video, audio, and written content are shown to the participant. The educational 
material is tailored to the specific intervention program, and this study includes 
content about good habits to improve sleep, as well as general lifestyle and 
health education. 

Clinic Involves logging weight, blood pressure, and other physical measurements, as 
well as reminders for taking supplements. 

Mind The participant is asked to log their stress and energy level, as well as their 
quality of sleep. This category furthermore involves different breathing and 
meditation exercises. 

Move Participants record their physical activity, which may include anything from 
daily steps to structured exercise or sports. 

Food Food intake is tracked and divided into vegetables, nuts, fruit, snacks, and 
candy. Beverages are tracked and divided into water and soda. This category 
also includes alcohol and nicotine. 

 
Data 
The study set-up, including PSG, a smartwatch, a digital sleep diary and the DTx app results in 
a diverse data set. In the following section, we are going to explain our four main data sources, 
provide an overview of the size of each data set, and describe the features that are included. 
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Polysomnography Data 

The PSG data was manually reviewed by a sleep expert according to the American Academy 
of Sleep Medicine (AASM) scoring manual [7]. The self-applied PSG set-up included the 
classical sensors, with simplified electroencephalography using only frontal electrodes [29]. 
The participants recorded one to three nights of sleep with this set-up before and after the 
intervention period. The AHI values derived from the manual scoring of these recordings (up 
to three nights) were averaged to one value before and one value after for each participant. 

DTx Data 

The data from the DTx application is organized by the missions that participants completed. 
Each mission record has information about the specific mission name, mission category and 
the completion day and time. In total, there were 92 different missions in five mission 
categories. Participants could complete multiple missions per day. Apart from the mission data 
set, we also had information about how often the participant interacted with a health coach 
through the app. Here, only the day of interaction and whether the participant sent or received 
a message is recorded. The content of the messages was not recorded. 

Digital Sleep Diary Data 

As part of the study, the participants used a digital sleep diary app. It was developed within the 
Sleep Revolution project and is based on the research of Schmitz et al. [32]. In the app, the 
participants were asked to report the quality of their sleep in the morning and report information 
about their day in the evening. The subjective sleep quality and stress were reported on a Likert 
scale, with one being the lowest and five the highest rating. Participants also reported how long 
they stayed in bed awake in the morning before getting out of bed. The participants had an 
average sleep quality rating of 2.14. In the evening diary, the participants were asked about 
their stress level, pain, screen time, exercise, and medication intake. 

If the participants did not fill out the sleep diary, they were reminded using notifications. 
The participants filled out the morning diary for 48 days on average and the evening diary for 
42 days. We merged the diary entries from the evening diary, with the entries from the morning 
diary on the following day. Therefore, each record in the data set represents one night of sleep. 

Smartwatch Data 

The smartwatch provided metrics such as sleep duration, the time participants spent awake 
during the night, and the number of nocturnal awakenings. These awakenings could range from 
seconds to several minutes or hours. The smartwatch also tracked sleep onset latency, defined 
as the time taken to fall asleep. Beyond sleep, the smartwatch also recorded the number of steps 
the participants took during the day. The participants were asked to wear the smartwatch for 
the entire study duration, but there were varying levels of adherence. On average, each 
participant wore the smart watch for 62 days over the entire study period of 12 weeks. The 
average sleep duration across participants was 7 hours and 33 min, with a standard deviation 
of 55 minutes.  
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Data Analysis 
As a first step, the health data from these different sources was merged, joining the records by 
participant identifier and time stamp. Descriptive data analysis was then used to provide an 
initial understanding of the participant’s behavior over time and adherence to the intervention 
program. We analyzed the relationship between these different data sources and drew 
conclusions on the relationship between engagement with the DTx application and study 
outcome. To analyze the connection between the lifestyle intervention and OSA severity, the 
population was split into two groups based on whether their AHI over the 12-week intervention 
period changed and their engagement in the DTx application were compared. An decreased 
OSA severity was defined as a negative difference between the AHI after the study period and 
the AHI after the study period. 

Association Rule Mining 

To analyze the co-occurrence of lifestyle interventions, we applied association rule mining. 
Association rule mining is a machine learning technique used to uncover relationships between 
items in a dataset based on their co-occurrence [19]. Association rule mining is an unsupervised 
machine learning method that is commonly used to identify patterns in which items customers 
buy together or which pages of a website users open together. 

Table 3: Binning of Numerical Features 
Feature Bins↑ Bins↓ 
Sleep Duration (hours >8 h <6 h 
Awakenings (count) >5Awakenings 0 Awakenings 
Sleep Onset Latency  (minutes) >60 min <10 min 
Awake (hours) >1 h - 
Screen Time (hours) >8 h <2 h 
Sleep Quality (Likert scale, 1 lowest and 5 highest) ≥4 ≤1 
Staying Awake in Bed (minutes) >60 min <15 min 
Activity (steps) >10k steps <1k steps 
Stress (Likert scale, 1 lowest and 5 highest) ≥4 ≤1 

 
Frequently co-occurring items, known as frequent item sets, are used to identify rules with 

an "if-then" structure, e.g., if item X occurs, then item Y is likely to occur. In such rules, X is 
referred to as the antecedent, and Y is the consequent. These rules rely on three key metrics: 
support, confidence, and lift. Support measures the frequency of item co-occurrence, while 
confidence represents the likelihood of the consequent given the antecedent. Lift is a measure 
that tests the strength of an association rule by comparing its likelihood to random chance. The 
most common algorithm for generating association rules is the apriori algorithm [2]. It 
identifies frequent item sets by calculating support for all item combinations and retaining those 
meeting a minimum support threshold. These sets are expanded iteratively until no new 
frequent item sets are found. Rules are then derived by calculating confidence for each potential 
rule, filtering those that meet a minimum confidence threshold, and using lift to eliminate 
coincidental associations. Since association rules work with categorical data, all numerical 
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columns had to be binned. The binning was manually decided depending on the distribution of 
each feature. Table 3 shows how the sleep parameters were binned. 

The data set was transformed into a transaction-based format, where each transaction 
referred to one night of sleep by one individual. The items in the transaction were the categorical 
features derived from the smartwatch and the DTx application. Merging the data from the 
smartwatch, the digital sleep diary and the DTx application, led to a transaction-based data set 
with 3642 transactions. In the following an exemplary transaction of Participant n on day m is 
showing a decreased sleep duration, a completed education Mission (MEducation) increased 
awakenings: 

XnYm ={Duration↓, MEducation, Awakenigs ↑} 

The uniqueness of association rules is analyzing the data in the form of transactions and, 
therefore, handling complex data sets, including multiple features, of multiple participants on 
multiple nights. This allows us to analyze sleep, behavior, and engagement on a day-by-day 
level in this study. Given that participants could choose different missions based on their 
individual preferences, association rule mining enables the identification of frequent 
combinations of interventions used and related changes in sleep and behavior. 

Results 
In the following section, we will explain in detail how and how often participants engaged with 
the DTx application. Dividing the data by the changes in AHI further showed differences in the 
engagement with the application. Finally, based on the different intervention types, frequent 
patterns and association rules were derived. 

 

Figure 2: Participant retention in the app throughout the 12-week study duration Engagement 
with the DTx application 

The first step in gaining insights into the effectiveness of DTx for improving sleep quality was 
collecting information about the 12-week study period. We analysed participant retention by 
identifying how many individuals completed the study, along with their levels of engagement 
with the DTx application throughout the intervention period. This included an analysis of the 
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frequency and consistency with which participants interacted with the app. Even though there 
was a dropout of participants over time, 43 participants adhered to the study design for more 
than half of the study period. Furthermore, 30 of the 51 participants used the application for 
more than 80 days. Figure 2 shows the drop out of participants over time. 

 

Figure 3: Average number of completed missions per week throughout the 12-week program, 
categorized by mission type 

The data showed that the participants completed, on average, 375 missions in the duration 
of 12 weeks. This equals eight missions on average per day. However, the engagement with the 
DTx application decreased throughout the period of 12 weeks. Figure 3 shows how the average 
engagement of all participants decreases with each day of the program. The different colors 
show that the engagement varies between different types of missions. It is visible that the food 
missions were used most in the beginning but decreased over time. The education missions 
remained stable over the entire study period. 

 

 

Figure 4: Total number of completed missions by mission type across the 12-week program 

We can further split down the mission categories into specific missions. For example, both 
the food logger and food journal belong to the food mission category. Figure 4 shows an 
overview of the most completed missions. The missions that were most often completed by the 
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participants were logging food intake, reaching a step count goal, and watching interactive 
educational material. Comparing missions from the same category shows that participants more 
often log their food instead of using the food journal and more often use the interactive 
educational content instead of the program videos. 

 
In the next phase of the analysis, we divided the study population into two groups. The goal of 
this division was to analyze whether the behavior of the participants with a successful reduction 
of OSA severity was different from the participants with no improvement of the OSA 
severance. The participants with a reduced OSA severity showed overall more engagement 
with the DTx intervention. The improvement group fulfilled on average 459 missions, while 
the non-improvement group fulfilled on average 345 missions. Dividing the missions by their 
mission category showed further differences in the behavior of the groups. The improvement 
group was more engaged in every mission category and exceeded, particularly in the food-
related missions as can be seen in Figure 5. The groups also varied on the average number of 
days they retained in the study. The improved group (n=14) retained for on average 84 days in 
the intervention program, whereas the non-improvement group retained on average for 60 days 
in the program. 
 

 

Figure 5: Engagement with missions by reduced OSA severity 

Frequent Item Sets and Association Rules 
Generating frequent item sets from the data set led to 81 sets, which have a minimum support 
of 0.1 and contain at least two elements. Table 4 shows five different identified frequent item 
sets. The item sets show that awakenings, snoozing, sleep duration, sending coach messages 
and stress show co-occurrences with missions in the DTx application. Particularly low 
awakenings, which refer to no awakenings during the night, frequently co-occur with the 
education and move missions. Also lowered snoozing, increased sleep duration and sending 
coach messages frequently co-occurred with the education missions. Increased stress frequently 
co-occurred with the move missions. 
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Table 5 shows examples of the association rules derived from the frequent item sets. In total, 
the apriori algorithm generated 398 rules with a minimum confidence of 0.1. Many rules 
appeared multiple times, switching the position of the items from antecedent to consequent and 
vice versa. Therefore, no strong direction of the association was found. The rules indicate that 
different missions co-occur with changes in sleep and behavior. These rules show, for example, 
that it is likely that a participant who completed a move mission and stayed only shortly in bed 
after they woke up is also more likely to complete an education mission and experience fewer 
awakenings during the night.  

 
Table 4: Identified Frequent Item Sets 

Frequent Item Set Support Number of Items 
[Awakenings↓, MEducation, MMove] 0.23 3 
[Awake in Bed↓, MEducation] 0.22 2 
[Sleep Duration↑, MEducation] 0.21 2 
[Coach Message, MEducation] 0.15 2 
[Stress↑, MMove] 0.12 2 

 

Another rule shows that participants were likely to engage with an education mission if they 
experienced improved sleep quality and engaged in a move mission. An interesting rule is that 
if a participant completes an education and move mission, it is more likely that this participant 
will also complete a food mission and experience higher sleep quality. 
 
Table 5: Identified Association Rules 

Antecedent Consequent Support Conf. Lift 
[Awakenings↓, MEducation] [Awake in Bed↓, MMove] 0.1 0.40 1.83 
[MEducation, MMove] [MFood, Sleep Quality↑] 0.12 0.23 1.68 
[MEducation, Screen Time↑] [MFood, MMove] 0.1 0.79 1.75 
[Pain↑, MMove] [MEducation] 0.11 0.95 1.55 
[Sleep Duration↑, MMove, MFood] [MEducation] 0.15 0.94 1.54 
[Stress↑, MMove] [MEducation] 0.11 0.95 1.54 

 
Discussion 
The study showed that DTx can be an effective treatment approach for some but not all 
participants. However, looking only at the participants who decreased their OSA severity over 
the study period, an active engagement with the DTx application becomes visible. Therefore, 
we cannot conclude that this treatment path is a one-fits-all solution, but it can be a pathway 
for users who will independently engage themselves with the content and missions in the app. 
These results align with existing research suggesting that engagement plays a critical role for 
the success of DTx applications [5]. 
     A key finding of this paper is the value of combining multiple data sources to create a 
comprehensive picture of the study. By being able to assess both the AHI as a clinical marker 
of OSA severity, in combination with the continuous tracking of both objective and subjective 
data, the study enriches substantial medical findings with longitudinal information on the 
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process the participant is undergoing in the 12-week period. The uniqueness of this study 
became clear when analyzing the engagement data with the DTx application. This data stream 
provides key information on whether the participant actively follows the lifestyle intervention 
and even more granular, how the participant changes their lifestyle. 
    The frequent item sets and association rules identified completed missions, sleep parameters, 
and user behavior that co-occurred frequently. An interesting rule is that completed move and 
education missions will likely co-occur with a completed food mission and improved sleep 
quality. It can be interpreted as that i) completing already two missions often goes together with 
completing another mission, and ii) completing multiple missions often goes together with 
improved sleep quality. This could show that completing different mission categories, i.e., 
working on different areas of pursuing a healthier lifestyle, could be a factor impacting sleep 
improvement. It is also an interesting finding that both the increased pain and increased stress 
co-occur with the move mission and are likely to go together with an education mission. These 
rules could show that participants who are in pain or stress and pursue activity or exercise are 
likely also to consume educational content. 
    There are some likely explanations for the observed decline in the average number of 
missions completed over time. First, it is common for users to engage more actively at the start 
of a program as they explore the app, familiarize themselves with its features, and discover 
which missions are most relevant to them. This initial engagement effect often decreases as 
users settle into a routine. Second, users tend to complete the missions they are served on a 
given day, and the number of available missions decreases over time. On average, users 
received 38 missions per week in the first three weeks, compared to 28 missions per week in 
the final three weeks. When multiplied by the number of participants, this structural difference 
alone can account for a significant decline in total mission completions. Third, users were also 
required to fill out a separate diary and use another app, which may have contributed to study 
fatigue as the program progressed. Finally, retention data shows a gradual drop in active users, 
which would naturally result in fewer missions being completed over time [20]. 

The observed differences in engagement raise broader questions about the factors driving 
user engagement. However, to truly understand why users select certain missions over others, 
it is essential to consider behavioral theories that explain intrinsic motivation. Integrating these 
theoretical insights with data-driven findings can inform the design of more effective DTx 
interventions for sustainable lifestyle changes. By applying association rule mining, the case 
study then provided insights into how digital therapeutics can be leveraged to promote healthier 
sleep habits. Association rule mining revealed that specific combinations, such as food-related 
and educational missions, often co-occur with changes in sleep or behavior.  

Practical Implications 
The implications derived from these results can be, on the one hand, useful for clinical practice 
and, on the other hand, useful for the designers and developers of these digital interventions. 
From a clinical perspective, this paper implied that DTx interventions can be a possible 
treatment path for OSA patients who will actively engage with the app. However, we cannot 
know beforehand who will engage and who will not. A potential research direction could be to 
connect the DTx application with offline coaching or physical exercises to also reach OSA 
patients who did not engage with the app. This way, these treatment paths could complement 
each other. 

From a technical perspective, this paper implied that the combination of the DTx application 
together with continuous sleep tracking and self-reports from the digital diary, offers valuable 
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information to evaluate the application. The transaction-based is a useful way to structure the 
data, which is otherwise difficult to merge in a classical table format due to its three-
dimensionality, considering participants, days and features. The identified rules imply further 
potential to apply this method to other longitudinal studies with multiple data sources. A 
possible future direction is sequential pattern mining, since the transactions have a temporal 
relationship, which is not considered in association rule mining. 

Limitations and Future Research 
One limitation of association rule mining is the simplification of numerical data into categorical 
data. In this step, some richness of the data is lost. Similarly, a generic binning of features 
neglects individual differences between the participants. For example, more than 8 hours of 
sleep may be a high sleep duration for many individuals but may be a low or average sleep 
duration for others. Therefore, applying personalized binning by including the distribution of 
values within individuals would be a good research direction for future work. Another 
limitation of this work is the limited knowledge about the parts of the DTx application that are 
not quantifiable. Features such as storytelling, design, or gamification have not been assessed 
in the data extracted from the user interaction and may be a subject for future qualitative 
research on how the users experienced the application. 

The clinical validity of association rules is a further limitation of the study. The association 
rules are able to identify co-occurrences but do not imply causation. Therefore, the underlying 
cause-effect relationship remains unclear. The metrics support, confidence and lift can evaluate 
the reliability of these rules within this particular data set, but there is little research on how to 
translate these insights into practice. Future work could support the clinical validity of these 
rules by testing them with more broadly known statistical methods. Ultimately, the reliability 
of smartwatches poses a limitation, as we cannot verify how accurate the data on e.g. sleep 
onset latency or sleep duration is. 

Conclusion 
The paper showed that DTx interventions have the potential to reduce OSA severity, 
particularly when participants actively engage with the application. The different missions 
within the application showed that food, movement, and education were the most actively used 
features of the application and showed co-occurrence with awakenings, being awake in bed in 
the morning, stress, and sleep duration. The paper proposes association rules on a longitudinal 
data set as a possible way to evaluate digital intervention studies and shows the importance of 
combining multiple data sources to gain a comprehensive understanding of the participants and 
their behavior. 
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