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Bridging Human and Artificial Intelligence: Machine Learning,
Data Platforms, and Decision Support Systems in Sleep Research

Benedikt Holm

March 8, 2025
Abstract

Artificial Intelligence (AI) delivers groundbreaking automation capabilities to
tasks that historically require manual human labor. However, its integration into
fields like healthcare remains challenging due to concerns around interpretability,
data standardization, and clinical trust. This thesis comprehensively explores AI’s
potential to enhance sleep medicine by addressing these challenges.

This work offers a holistic perspective on AI in sleep research, spanning the
journey of data from collection and augmentation to its final presentation to hu-
man experts as well as the lifecycle of AI, from its inception to its integration into
sleep medicine workflows.

The key findings include a novel respiratory cycle detection algorithm with
94% accuracy, insights into clustering respiratory events via unsupervised learn-
ing, and evidence that AI-assisted workflows reduce scoring time by up to 65min-
utes while improving inter-rater agreement among sleep technologists. Further-
more, our research confirms that sleep technologists can work effectively along-
side AI without significant distrust, highlighting a high level of clinical acquies-
cence.

The contributions focus on three key areas: (1) developing algorithms rooted
in physiological principles to improve interpretability, (2) creating standardized
data pipelines for scalable and reproducible AI deployment and (3) integrating
human-in-the-loop solutions to enhance clinical decision-making.

These advancements underscore the transformative potential of AI in sleep
medicine, providing a holistic view of its integration into clinical workflows. This
research paves the way for the broader adoption of AI in healthcare by fostering
trust, efficiency, and interpretability.

KeywordsMachine Learning, Sleep Research, Data Platform, Trust in AI, De-
cision support systems.
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Chapter 1

Introduction

”It’s a dangerous business, Frodo, going out your door. You step onto the
road, and if you don’t keep your feet, there’s no knowing where you might be

swept off to.”

—J.R.R. Tolkien, The Fellowship of the Ring

Computer science has profoundly influenced nearly every aspect of human
society, from facilitating near-instant communications via the Internet to signifi-
cantly improving multiple industries with increased automation and data analyt-
ics [1]. By 2003, humanity had generated approximately five exabytes of data, a
volume that, by 2013, was produced every two days [2]. This stark contrast be-
tween the immense benefits of computerization and the deluge of information
generated by its ubiquity is almost paradoxical. The same machines that can sim-
plify our lives and work also inundate us with data, some of which are not useful
or informative.

Sleepmedicine is a subfield withinmedicine that revolves around researching,
diagnosing, and treating conditions anddisorders that can influence sleep [3]. One
such example is sleep-disordered breathing and obstructive sleep apnea for exam-
ple, which are suggested to be considerably prevalent, having been found in 43.1%
of the general population in Iceland [4], as well as estimated to affect one billion
people worldwide [5], costing the United States $12.4 billion to diagnose and treat
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in 2015 [6]. To get a diagnosis and then treatment for disorders like obstructive ap-
nea, people have to undergo a sleep study, also called a polysomnogram (PSG), an
overnight recording of various bio-mechanical signals such as electroencephalo-
gram (EEG), airflow, respiratory inductance plethysmography, muscle activity, eye
movement, cardiogram, and more [7]. A key role in the sleep medicine process is
the sleep technologist or somnologist, whose expertise enables them to recognize
various events during sleep, such as sleep stages, apnea, movements, tachycardia,
or bradycardia, to name a few [8].

In contrast to sleep medicine, sleep research is the scientific study of sleep,
in which researchers investigate sleep functions such as sleep stages and sleep-
disordered breathing and employ academic methodologies to discover novel pat-
terns in sleep and links between sleep events or sleep quality and day-to-day life.
In many aspects, sleep research and medicine are conducted using historical ap-
proaches. For example, the scoring of sleep stages is done on a 30-second epoch
basis because 30 seconds is the amount of EEG signal that researchers could fit on
a sheet of paper [9].

After a PSG is collected, it must go through amanual scoring process, where an
accredited sleep technologist goes through the entire PSG and labels it manually
for sleep stages and other events such as obstructive apneas and arousal, to name
a few [8]. This process has historically been time-consuming and can take sleep
technologists up to a few hours to score a single recording. Additionally, there is
considerable disagreement between sleep technologists; for example, when scor-
ing sleep stages, there is only approximately 82.6% agreement [10], and even less
for respiratory-related events when they occur, particularly for hypopnea (65.4%
agreement) and central-apnea (52.4% agreement) [11]. Considering the laborious
nature and the high disagreement rate between sleep technologists, it is evident
that automating this workflow could drastically improve both efficiency and con-
sistency.

Artificial intelligence (AI) refers to a subfield of computer science in which
practitioners seek to use computational methods to solve practical problems that
would otherwise require human intelligence to perform [12]. With the explosion
of computing power brought on in the early twenty-first century [13], the field of
machine learning (ML) has seen a surge in applications [14].

ML is a subfield of AI that revolves around creating programs to solve specific
tasks without explicitly programming them, specifically by using statistical meth-
ods to optimize functions that map inputs to corresponding outputs [14]. ML is
generally split into two methodologies depending on the solved tasks: supervised
and unsupervised ML [15]. Supervised ML refers to models trained on input data
to produce specific outputs. Supervised MLmodels create classifiers such as sleep
staging or image classification models. This approach is ideal for cases where the
data structure is well understood, and the association between the input and the
output is intuitive and well-known [15]. The second category is unsupervisedML,
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where the data output is unknown or otherwise not supplied to the model, caus-
ing the model to learn the data structures independently. Unsupervised ML is
usually used for clustering analysis, anomaly detection, and dimensionality re-
duction [15]. For both categories of ML, the model slowly adjusts itself over many
iterations to create a mapping between the input data and the output. This train-
ing can be time-consuming, but with the increased accessibility of high-powered
computational tools, the speed at which models can be trained has risen drasti-
cally. After training, an ML model will always perform consistently, i.e., an ML
model will always produce the same output for a given input. In contrast, a hu-
man may produce a different answer depending on the problem’s complexity and
factors such as exhaustion, inattentiveness, or inexperience [16].

AI has widely been used to perform tasks that traditionally require humans to
perform [17], including in the healthcare industry [18], whereAI is expected to en-
rich the sector [19] significantly. An essential issue with utilizing AI in healthcare
is that the AI models can not be held accountable for an incorrect decision that
negatively impacts a patient [20]. While significant work has been put towards
making AI models solve problems in medicine, integrating AI into healthcare still
faces various challenges [21]. Due to the requirement for accountability and hu-
man oversight, solutions that put the human expert at the forefront have been
proposed for various applications, including the healthcare industry [22]. These
human-in-the-loop approaches seek to leverage the automation capabilities of AI
while still providing human expert oversight, preventing the AI model from pro-
ducing incorrect or potentially harmful outputs [23].

Various tasks in theworkflows of sleep technologists are time-consuming, with
the manual scoring process being the most obvious example, often taking sleep
technologists up to two hours to score a single PSG [24]. AI has been widely ex-
plored as a means of automating this process, with multiple automatic sleep stag-
ing [25] and apnea detectionmodels proposed [26]. However, the adoption of AI in
sleepmedicine and research does not comewithout its challenges. Firstly, an alter-
nate approach to the analysis of sleep stages has been proposed and is called ‘adap-
tive segmentation’ [27], which suggests placing the boundaries of sleep stages at
points in the EEG, where the frequency components of the brain waves change,
rather than on fixed, arbitrary boundaries. In respiratory analysis, this adaptive
segmentation lends itself well to the approach of breath-to-breath analysis, as the
respiratory cycle of inhalation and exhalation are the simplest phases of respira-
tion. Applying AImodels to individual respiratory cycles instead of the commonly
used fixed-length segments has a twofold benefit; firstly, the AI model does not
need to be able to handle respiratory signals out of phase, and neither does it need
to learn to ‘count’ breaths.

Secondly, researchers and practitioners must carefully consider model design
to successfully integrate AI into clinical workflows, as complex tasks can require
large models which are expensive to train. A critical factor in this integration is
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the trust that patients and healthcare professionals can place in AI [28]. Explain-
ability plays a key role in fostering this trust, as black-box AImodels often produce
opaque decisions that are difficult for humans to interpret [29]. Adaptive segmen-
tation methods have been proposed to enhance explainability and robustness in
analyzing physiological signals, as they are modeled on the natural state changes
in data, avoiding the pitfalls of more rigid fixed-timespan analytical methods [27],
[30]–[32].

Currently, in research on automating tasks using AI, the focus is mainly on
the model’s accuracy when solving the task. An example of this in sleep research
is the accuracy when scoring sleep stages. However, less focus has been directed
toward the practical implications of employing these models. Questions such as
how much time these models can save in the scoring process or how they might
enhance the accuracy of sleep technologists in sleep staging when used as an as-
sistive tool remain relatively unexplored.

Then, for AI to be effectively integrated into the workflow of sleep technolo-
gists, it is essential to evaluate the effects of its inclusion to ensure that the tools
do not inadvertently cause adverse effects. Furthermore, the level of trust clinical
professionals place in AI solutions and their outputs requires extensive analysis
before AI can safely be integrated into the workflows.

Finally, much research has also been done intomeasuring the inter-scorer vari-
ability, i.e., the agreement between different sleep technologists when scoring the
same recording. Existing research into exploring the source of the approximately
17% disagreement between sleep technologists is scarce, attributing it mainly to
difficulty scoring particular epochs, availability of pre-scored events, or calculated
variabilities [33]. Decision support systems (DSS) have been developed to deal
with such uncertainties, yet many aspects remain unexplored in general and in
the domain-specific context of sleep research.

This thesis employs the Action-Design-Research (ADR) methodology to sys-
tematically address the challenges mentioned above of integrating AI in sleep
medicine [34]. ADR provides a structured approach for solving complex real-
world problems via iterative design. ADR prioritizes collaboration with end-users
and stakeholders and ensures that the developed solutions are technically robust,
contextually relevant, and aligned with the needs of sleep technologists.

An ecosystem perspective is frequently employed to gain a holistic view of AI
adoption, wherein sets of programs or services that act as interfaces between hu-
mans and AI are conceptualized as components of a broader framework involving
diverse stakeholders such as healthcare practitioners, patients, and researchers
[35], [36]. These technological ecosystems primarily consist of managed platforms
that oversee and coordinate various aspects of the data lifecycle. Examples include
platforms dedicated to data collection, platforms facilitating interactions between
healthcare professionals and data, and platforms responsible for communicating
results and diagnoses to patients. Although the study of computer ecosystems is
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well-established, this thesis defines ecosystems as interconnected computational
services or algorithms collaborating to deliver a more integrated and comprehen-
sive service than could be achieved individually.

1.1 Motivation

Based on the current landscape in the field where AI and sleep medicine and AI
intersect, we identified three overlaping main fields of study, which can be seen
in Figure 1.1.

Designing AI 
with physiological

context for 
explainability

Standardizing and 
preparing data 
pipelines for AI

Enhancing clinical 
decision-making with 

human-in-the-loop 
AI

AI in sleep

Figure 1.1: The three key areas of investigation that contribute to the central focus
of AI in sleep research and medicine.

The first area of research, ”Designing AI with physiological context for explain-
ability” emphasizes the need for explainableAI in sleep research andmedicine. By
aligning AI decision-making with physiological and clinical logic, we can ensure
that models are effective and interpretable for clinicians and researchers. This ap-
proach aims to build trust in AI bymaking its recommendationsmore transparent
and grounded in established medical knowledge.
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The second area, ”Standardizing andpreparingdata pipelines forAI,” addresses
the challenges of data collection, curation, and integration. Consistent and reli-
able data pipelines ensure that PSG data remains usable across diverse research
settings and clinical applications. This area focuses on enabling scalability and
reproducibility in automated workflows, which is critical for large-scale studies.

Finally, ”Enhancing clinical decision-making with human-in-the-loop AI” ex-
plores the role of AI as a tool to support, rather than replace, sleep technologists.
By incorporating DSS into scoring workflows, scoring accuracy can be improved,
variability in scoring can be reduced, and workloads can be eased. This area also
considers fostering trust and clinical acuity in such environments.

Together, these areas of investigation aim to address the broader challenges
of integrating AI into sleep medicine and research, ensuring that technological
advancements enhance research capabilities. From these areas of interest, we for-
mulated three main research questions to which this thesis seeks to provide an-
swers.

RQ1: What could a fully-managed PSG ecosystem look like?
RQ2: How does one successfully integrate AI into sleep research or sleep
medicine workflows?
RQ3: What are the effects of integrating AI into the scoring process?

In the chapters ahead, this thesis seeks to provide convincing answers to these
three questions and contribute meaningfully towards the three main areas of re-
search outlined in Figure 1.1.

1.2 Outline and contributions

This thesis is aimed at practitioners and researchers working at the intersection
of AI, decision support systems (DSS), and healthcare, focusing on sleep research
andmedicine. It provides valuable insights for academic researchers exploring in-
novative AI applications and healthcare professionals seeking to integrate AI into
their workflows. Individuals in the sleep medicine and research community will
find guidance on adopting AI-driven solutions to improve diagnostics and clini-
cal workflows. For data scientists and ML engineers, this work highlights novel
approaches to non-fixed-length data analysis, clusteringmethods, and pipeline op-
timization. This thesis bridges the gap between theory and practice by addressing
critical challenges like trust, interpretability, and seamless AI integration, offering
tools and strategies that advance these fields.

This section outlines the thesis structure and breaks down the following chap-
ters, stating their subject and contributions towards the cumulative work this the-
sis represents.
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Chapter 2

The related works section covers prior work in the fields this thesis seeks to con-
tribute to and contextualizes the work in chapters 4 through 7. The chapter closes
by outlining themain research gaps this thesis seeks to fill and why the gaps relate
to the main questions introduced in chapter 1.

Chapter 3

This chapter details the overarching methodologies employed in writing this the-
sis, outlining the data used for each work in this thesis and an ethical statement.
The chapter concludes by presenting an overview of the researcher’s role, ending
with the author’s contribution statement.

Chapter 4

This chapter covers the design, development, and evaluation of BreathFinder, a
novel breath detection algorithm. The purpose of the BreathFinder algorithmwas
to enable research into the respiratory system in a temporal context based on phys-
iology.

The main contributions and findings of this chapter are as follows:

• We present an algorithm that detects individual respiratory cycles using a
non-invasive, commonly collected signal during PSG.

• We thoroughly analyze the algorithm’s performance using a hand-labeled
data set containing multiple individuals and respiratory events.

• We found that the algorithm performs consistently at approximately 94%
accuracy and recoverswell fromartifacts such asmovements and respiratory
events.

This work was published in
Holm B, Borsky M, Arnardottir ES, Serwatko M, Mallett J, Islind AS, Óskars-

dóttir M. BreathFinder: A Method for Non-Invasive Isolation of Respiratory Cy-
cles Utilizing the Thoracic Respiratory Inductance Plethysmography Signal. Nat
Sci Sleep. 2024Aug 21;16:1253-1266. doi: 10.2147/NSS.S468431. PMID: 39189036;
PMCID: PMC11345460.

Chapter 5

This chapter details applying unsupervisedML to respiratory data and performing
clustering analysis on various sleep events on a breath-by-breath basis. This ap-



8 CHAPTER 1. INTRODUCTION

proach utilized the aforementioned BreathFinder algorithm to separate the indi-
vidual respiratory cycles and trained a variational autoencoder (VAE) to condense
breaths into two variables.

The main contributions and findings of this chapter are as follows:

• We found that the VAE could encode and decode the breaths despite the
considerable data compression.

• We found that some respiratory events tended to cluster together in the la-
tent space over others.

This work was published in
B. Thordarson, A. S. Islind, E. Arnardottir, and M. Óskarsdóttir, “Exploration

of Sleep Events in the Latent Space of Variational Autoencoders on a Breath-by-
BreathBasis,” in Proceedings of the 56thHawaii InternationalConference on System
Sciences, Maui, Hawaii, pp. 3091–30911.

Chapter 6

This chapter outlines the work towards designing a robust and scalable data in-
gestion platform that handles the receipt of PSG data and pre-processes it before
finally augmenting it with automatic scoring. The effects of the augmentation on
the scoring speed and accuracy were evaluated with the help of three sleep tech-
nologists. The main contributions and findings of this chapter are as follows:

• We found that AI assistance showed promise in lowering the scoring times,
sometimes by as much as 65 minutes.

• We found that the AI assistance positively affected the scoring agreement,
particularly for the less experienced sleep technologist.

• We introduce a new generalized term, ‘Clinical Acquiescence,’ which refers
to human experts’ willingness to accept AI’s workflow assistance.

This chapter was published in
HolmB, JouanG,HardarsonE, Sigurðardottir S,HoelkeK,MurphyC,Arnardót-

tir ES, Óskarsdóttir M and Islind AS (2024) An optimized framework for process-
ing multicentric polysomnographic data incorporating expert human oversight.
Front. Neuroinform. 18:1379932. doi: 10.3389/fninf.2024.1379932

Chapter 7

This chapter covers novel research where an online scoring interface was used to
collect consensus scoring from 16 sleep technologists across Europe. Each sleep
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technologist scored four hours of sleep for traditional and self-applied PSG, fea-
turing recommendations varied in correctness and whether they were presented
as being from a human sleep technologist or an AI.

The main contributions and findings of this chapter are as follows:

• We found that sleep technologists did not display a detectable difference in
accuracy or scoring time between traditional or self-applied PSG.

• We found that the recommendation correctness affected the scoring accu-
racy significantly, with correct recommendations improving scoring accu-
racy. In contrast, incorrect recommendations hurt the accuracy of sleep
technologists.

• Our results indicate that the sleep technologists displayed no biases in rec-
ommendation presentation, indicating a high level of clinical acquiescence
for AI in sleep staging.

This work is in the submission process at the Journal of Sleep Research.

Chapter 8

The body of work is summarized in this chapter and the significance of the find-
ings in chapters 4 to 7 is contextualized with the existing work and how the con-
tributions tie together to provide a holistic methodology for AI in sleep research
and medicine.

Chapter 9

This chapter finalizes the thesis, providing a closing statement and presenting the
key contributions. The thesis concludes by providing suggestions for future work
and how subsequent scientific ventures may build on it.
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Chapter 2

RelatedWork

This chapter discusses existing literature and describes the gap in research this
work intends to fill. The chapter is divided into four main sections, one for each
article in chapters 4 through 7.

2.1 Adaptive segmentation

A limited amount of literature exists on using adaptive segmentation to identify in-
dividual breaths or respiratory cycle isolation (RCI), with existingmethodsmainly
based on statistical analysis of signals such as peak and valley detection in the air-
flow, thoracic or abdominal RIP signals, feature extraction and modeling which
are mostly derived from the audio signal recorded during the study [37]–[45].

Rosenwein et al. introduced a breath detection algorithm based on a ran-
dom forest approach [40]. They derived 351 features from audio recordings and
trained the model to detect inspirations and exhalations, reporting an 87% and
76% accuracy in predicting inspiration and expiration events, respectively. Yaha &
Faezipour trained a support vector machine to detect respiratory phases using au-
dio from amicrophone placed in front of the participant’s nose [41]. They report a
95% accuracy but acknowledge that the results depend on several factors of themi-
crophone’s placement and quality.Palaniappan et al. developed a neural network
solution for classifying respiratory phases using respiratory sounds [46]. While
they reported excellent overall performance for their model, they did not disclose
its accuracy for the different breath phases. Hsiao et al. designed an attention-
based autoencoder to perform respiratory segmentation on the audio signal [45].
They report a 91% accuracy in detecting the respiratory phases. A similar method
applying adaptive segmentation using a variable window size was also proposed
by Lalouani et al. with a novel system [47], which is capable of segmenting the
audio signal into individual breath phases as well as classifying chronic obtrusive
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pulmonary disease with a reported 92% accuracy in the detection of breaths vs.
non-breaths with their model. Hult et al. proposed a bioacoustic method that can
accurately time respiration from tracheal sounds using a summation method over
the frequency domain of the audio signal. They evaluate their algorithm on 2074
respiratory cycles from two groups of participants, one being recorded in a quiet
environment and another with acoustic disturbances from surrounding activities.
They report detecting respiratory phases with 99% accuracy on participants in the
group with the quieter environment and approximately 90% accuracy in the group
recorded with more noisy conditions [44]. Alshaer et al. present a method for seg-
menting respiratory audio from a cardioid microphone but do not explicitly state
performance metrics [48].

Moyles & Erlandson proposed a non-parametric statistical approach to RCI,
based on detecting changes in the trend of the airflow signal, but do not provide
any validation of their algorithm [37]. Korten&Haddad presented a pattern recog-
nition algorithm that detects respiratory events in a barometric pressure signal
[49]. They claim that the difference in mean values for inspiratory time, expira-
tory time, and total respiratory cycle time between the manually calculated and
automatically detected values using the pattern recognition algorithm is minimal
(<6%) but do not explicitly state performance regarding detections.

Lopez-Meyer et al. presented an RCI algorithm based on peak and valley de-
tection on RIP signals to determine the beginning and end of a breath segment, re-
porting 96%precisionwhendetecting breath cycles for participants during rest[39].
A Python library, RespInPeace, for RIP belt analysis is also available, which uses a
peak and valley location algorithm to find respiratory cycles during a conversation
but appears to have no published validation [42].

2.2 Unsupervised learning in sleep research

Korkalainen et al. [50] designed and trained a combination of a convolutional
neural network and a long short-term memory (LSTM) neural network to classify
sleep stages using a single frontal EEG channel. They found that classification ac-
curacy decreased with increased obstructive sleep apnea syndrome severity. Cen,
Yu, Kluge, et al. [51] achieved 79.6% accuracy when classifying one-second signal
segments into normal, obstructive apnea, and hypopnea classes. They used deep
convolutional neural networks to automatically learn the features of the airflow,
oxygen saturation, and RIP signals. Thommandram, Eklund, and McGregor [52]
showed that the k-nearest neighbor classifier could achieve up to 91.2% accuracy
in classifying one-minute signal segments as apneic or non-apneic when using
modest features derived from the respiratory inductance signal. This paper used
statistics of breaths marked by peak detection but did not derive breath-specific
features. Rosenwein, Dafna, Tarasiuk, et al. [53] classified respiratory events as
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apneic/hypopnea versus non-apneic/hypopnea on a breath-by-breath basis using
a random tree method. They used intuitive respiratory features such as breath-
ing rate and ”duration to last respiratory event” for the classification and reported
achieving 86.3% accuracy when classifying breaths as apneic/hypopnea. Nikko-
nen et al. [54] achieved an 88.9% accuracy on classifying OSA events using an
LSTM network, with an average error in the apnea-hypopnea index of 3.0.

Outside medical approaches, VAE has been used for tasks such as anomaly de-
tection [55], text classification [56], and recommender systems [57]. In the med-
ical field, VAE and other AE methods have been applied in various ways, mainly
for the electrocardiogram (ECG) [58]–[60], but also with some applications for the
electromyogram (EMG) and EEG [61]. Costa, Sánchez, and Couso [58] applied a
novel class-dependent implementation of the VAE for detecting atrial fibrillation,
improving the latent space clustering by simultaneously training a classifier on
the latent space with the VAE. Pastor-Serrano, Lathouwers, and Perkó [62] pro-
posed an adversarial VAE trained to generate and classify respiratory signals dur-
ing training using the latent space to classify baseline shift breathing irregularities.
They trained the adversarial VAE on fixed-length signal segments collected by a
stereotactic radiosurgery device.

2.3 Digital platforms

Digital platforms, as an area of research within information systems, are software
solutions that facilitate the connection to key infrastructures of institutions via
controlled collections of software or services, allowing for value-creating interac-
tions between internal resources and external consumers or producers [63]. Many
of the industry’s leading giants, such as Google, Apple, Facebook, Amazon, and
Microsoft, have pioneered the design of digital platforms in healthcare [64], with
digital platforms regarded as being drivers of technological adoption in the health-
care industry [65]. Digital platforms are increasingly utilized for a greater variety
of tasks, such as collecting research data in the form of data collection platforms
[66] and assisting human experts in various tasks such as DSS [67]. In sleep, dig-
ital platforms have been utilized to integrate heterogeneous sleep data through a
dynamic digital platform and data pipeline [68]. They are well posed to facilitate
communication between healthcare professionals and patients [69].

Platforms can act as enablers of DSS by acting as the intermediaries between
the decision-making mechanisms and the humans interacting with the DSS [70].
Providing sleep technologistswith automatic assistance during the scoring process
has significantly reduced PSG scoring time, with some work showing improve-
ments by factors of 1.26 to 2.41 [71]. Moreover, automatic sleep scoring models
have been observed to halve the scoring time [72], [73].

Rayan, Szabo, and Genzel presented challenges and advancements in auto-
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matic sleep scoring in the context of rodent and human sleep research [24]. They
noted limitations in handling atypical data and a lack of flexibility but also noted
that automation can make the process more efficient. A recent study found that
deep-learning-based automatic scoring software strongly correlated with manual
scoring in sleep staging and the apnea-hypopnea index while significantly reduc-
ing scoring time, thereby improving workflow efficiency in sleep laboratories [73].
Oxholm et al. interviewed nine healthcare professionals and five patients about
their attitudes towards using data from electronic health records in an algorithm
to screen for alcohol abuse in hospitals [74]. Professionals were mixed in their
views, appreciating the tool’s time-saving potential but concerned about losing in-
stinctual decision-making. While this work is only tangentially related to ours,
the authors highlight the requirement to include healthcare professionals in in-
tegrating automatic algorithms. Gerla, Kremen, Macas, Dudysova, and Mladek
presented a computer-assisted approach for sleep staging using EEG recordings
and AASM 2012 scoring rules, focusing on actual clinical data with artifacts and
missing electrodes, evaluating the influence of AI in clinical settings by compar-
ing traditionalmanual sleep stage classificationwith AI-basedmethods, including
expert-in-the-loop strategies, for the analysis of EEG recordings in sleep studies
[75]. In a later study, Gerla et al. [76] developed a semi-supervisedmethod for eval-
uating PSG, blending expert-scored segments with automated classification. This
approach, tested on healthy individuals and chronic insomnia patients, showed
enhanced efficiency and accuracy in sleep data analysis compared to conventional
manual scoring methods, demonstrating the impactful role of AI in streamlining
sleep study workflows.

2.4 Trust in AI

For AI to effectively integrate into professional workflows, a certain level of trust
in its outputs is essential. Without this trust, end-users may misuse the technol-
ogy or refuse to engage with the AI tools in their work [77]–[79]. Many large AI
models operate as so-called ”black box machines” with opaque and not easily un-
derstood decision-making processes, hindering users from trusting their outputs
[80]. Moreover, measuring trust in AI presents a challenge, as it is often subjective
and not always aligned with the actual reliability of the tool being evaluated [79].
Conversely, humans can also exhibit overreliance on AI, sometimesmaking coun-
terintuitive decisions based solely on AI suggestions, even when these contradict
their own assessments and available information [81]. Such overreliance can po-
tentially lead to catastrophic outcomes [82]. Detecting overreliance is inherently
difficult [83], but it can bemitigated through strategies like providing explanations
for AI outputs [84] or encouraging cognitive engagement with the AI system [85].

A significant factor that affects the level of trust in AI that healthcare profes-
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sionals express is the transparency or explainability of AI, with models becoming
more ‘opaque’ in their decision-making as they gain complexity, leading to an in-
creased academic interest in explainable AI (XAI) [29]. XAI has been the focus of
various research over the years, and the field of XAI study suffers from multiple
challenges, such as a need for a unified concept and lack of standard terminology,
as well as the tradeoff explainability tends to have onmodel accuracy [86]. Despite
these challenges, XAI has succeeded in improving clinicians’ ability to interpret
the decisions made by AI models in various tasks, along with increasing trust in
the machine learning model [23].

2.5 Decision support systems in sleep research

As stated previously, automatic suggestions are able to potentially save a signifi-
cant amount of time in the scoring process, [71]–[73]. Some work exists on imple-
menting DSS for sleep that use ML methodologies, but ultimately fail to take the
last step and measure the impact of the automatic scoring models on the work-
flow of sleep technologists [87]–[90]. Liang et al. designed a clinical DSS for sleep
staging, where a rule-based decision tree first scored the recordings. A reliability
voting system flagged low-reliability epochs, which were then re-scored by sleep
technologists, saving significant time by only focusing sleep technologists’ atten-
tion on low-reliability epochs [72]. Similarly, Bechny et al. used the U-Sleep algo-
rithm [91] to score sleep stages and trained a confidence network to find uncertain
epochs. They report that to achieve aCohen’s Kappa of above 90%, less than 29% of
epochs needed to be reviewed, significantly lowering the workload of sleep tech-
nologists. Hwang et al. designed and evaluated a clinical DSS that improved the
macro-F1 score of less-experienced sleep technologists from 56.75 to 60.59 by pre-
senting automatically detected features such as sleep spindles, but was noted by
senior technologists to lack sufficient specificity in its presented information [92].

2.6 Research gaps

The relevant research gaps we identify and seek to address in this thesis are varied:
While RCI algorithms have been proposed and described, there is a distinct lack of
rigor in evaluating the algorithms, leading to either absent, unintuitive, or lacklus-
ter accuracy measurements. Additionally, the impact of common events such as
movements or respiratory events such as apnea on the proposed algorithms is not
commonly included in the evaluation when it is present. Another problem with
some approaches is that formal algorithm validation is often not provided on pa-
tient data. Issues with equipment, wide variations in patient behavior, and noisy
environments such as partner breathing or background noise may not have been
adequately explored.
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The currentlymost-explored application of AI in predicting sleep stages or res-
piratory events in the analysis of arbitrary fixed-length epochs such as 30 seconds,
one minute, and five minutes, to name a few. Such fixed-length epoch approaches
present an obvious problem, as events, particularly respiratory events, are vari-
able in length, and any physiological or biomedical process is unlikely to be fully
represented by or reliably captured in arbitrary fixed-length so-called epochs.

While studies have been performed exploring the practical factors of integrat-
ing AI into the workflows of sleep technologists, studies that explore the trust
and clinical acceptability of AI are few. Many studies also base their research on
aggregate-level analysis, with few exploring more granular, epoch-based behav-
iors. To our knowledge, studies exploring potential prejudice or bias against AI as
a scoring assistant have also not been produced.



Chapter 3

Methods

3.1 Research approach

Throughout the work of this thesis, the methodology most closely followed was
the action-design-research (ADR) methodology [34]. ADR addresses two major
challenges: 1) identifying and addressing a problem situation encountered in a
real-life situation and 2) creating an artifact to solve the problem situation identi-
fied and evaluating said artifact. ADR was deemed a good fit for this thesis due to
its iterative and emergent nature, which posed it as a good fit for addressing the in-
terdisciplinary challenges at the intersection of AI, healthcare, and sleep research.

ADR follows a four-stage process, each stage anchored by principles that cap-
ture the essence of the step.

Problem Formulation: For each work included in the thesis in chapters 4
through 7, the first step was to identify the problem being tackled. These prob-
lems were, where possible, framed as instances of a broader class of problems,
such as XAI or the integration of AI into sleep healthcare. Each identified prob-
lem was formulated with guidance from practitioners, such as sleep technologists
and project leaders with extensive experience in data collection and research. The
selected problems served as the foundation and guide for developing the software
artifacts, ensuring that the solutions contributed to both practical and theoretical
knowledge generation.

Building, Intervention, andEvaluation: Everywork included in this thesis
followed an iterative process of designing, interviewing stakeholders and experts,
and evaluating the produced artifacts. Each artifact was modeled to fit its real-
world application and continuously refined and iterated with feedback collected
from stakeholders and end-users.
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Reflection and Learning: An integral part of the research process was re-
flection, where the lessons learned during the artifact design and evaluation were
systematically captured in scientific writing. The emergent nature of the artifacts
was recognized, with refinements being driven by anticipated and unanticipated
real-world scenarios and edge cases. This reflective process guided adjustments
to the research methodology while contributing to developing theoretical insights
gained by solving the identified problems.

Formalization of Learning: The knowledge generated through the ADR
process was presented in scientific texts, submitted, and accepted to various com-
puter science and medical journals and conferences. The formalized lessons and
outcomes of the ADR process were structured and positioned to provide guidance
for addressing similar classes of problems for future work while contributing new
knowledge to the broader existing body. The research outcomes were articulated
to ensure relevance to both an academic and practical audience, bridging the gap
between theory and practice.

3.2 Data sources

The works included in this thesis are varied and require data sources from diverse
data collections. All data used in the articles in chapters 4 through 7 were pseudo-
anonymized before being accessed, as covered further in section 3.3.
Table 3.1 outlines the four publications and the data used for each work.

Table 3.1: Data sources per publications.

Work Data used

BreathFinder: a Method For Non-
Invasive Isolation of Respiratory Cycles

31 overnight PSGs [93]

Exploration of Sleep Events in the La-
tent Space of Variational Autoencoders
on a Breath-by-Breath Basis

100 individual sleep apnea testing stud-
ies [94]

An optimized framework for processing
multicentric polysomnographic data in-
corporating expert human oversight

Cohort of 50 participants scored by ten
independent sleep technologists to cre-
ate a consensus scoring [95], [96].

World of ScoreCraft: Massively Multi-
Scorer Online Study on the Effects of
Including Decision Support System in
Sleep Stages

Post-participation study, and PSG
dataset where traditional and self-
applied PSG were recorded simultane-
ously [97].



3.3. ETHICAL CONSIDERATIONS 19

3.3 Ethical considerations

When working toward integrating human-affecting AI, such as medicine, insur-
ance, or education, the social consequences must be considered and adequately
addressed. Some AI models have been found to harbor various biases [98]; for
AI to truly benefit humanity, these biases must be mitigated in some way or an-
other. One potential mitigation for the inherent biases of AI models is the human
oversight factor, which is championed throughout this thesis and is one of the key
takeaways of this work. For AI to be responsibly utilized in healthcare, measures
must be taken to make the decisions made by the AI transparent and explainable.
Chapter 5 demonstrates how the contextualization of the data AI is trained and
operates on can improve transparency and explainability.

The sensitive nature of healthcare data necessitates stringent privacy mea-
sures. In this research, data anonymization techniques were employed to pro-
tect the identity of the patients used for validating the BreathFinder algorithm in
chapter 4, for training the AI model in chapter 5, evaluation of the effects of AI
in chapter 6, as well as the PSG used in the ScoreCraft study in chapter 7 The in-
tegration of AI does not exclusively affect the patients. The effects of AI on sleep
technologists have the potential to be a positive effector in terms of scoring speed
or accuracy, but can also pose behavioral risks such as overreliance on AI tools or
de-skilling of sleep technologists. As AI models are autonomous programs that
map one input to an output, themodels themselves can never be held accountable
for any mistakes or harm caused by said mistakes. Therefore, accountability must
reside with themedical professionals who utilize the output of the AImodels. The
work done in this thesis supports this, as chapters 6 and 7 emphasize the need for
human-in-the-loop systems rather than for AI to replace the human expert.

As stated before, while AI promises to enhance diagnostic accuracy and re-
duce clinical workloads, it also raises concerns about the loss of human touch in
healthcare and the risks of over-automation in a field where humanity and em-
pathy are paramount. For AI developers, the goal should be to ensure fairness
and transparency in the outputs of AI models. In general, those who seek to in-
tegrate AI into healthcare professionals’ workflows should make it their mission
to develop systems and workflows that maintain the human as the final decision
maker. Acknowledging and addressing these ethical considerations ensures that
AI tools in sleep research and medicine are developed and deployed to benefit all
stakeholders without compromising ethical standards.

3.4 Researcher’s role

Per Reykjavik University regulations on authorship contribution statements, ta-
ble 3.2 outlines the publications in chapters 4 through 7 and states the contribu-
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tion status of the Ph.D. student (Benedikt Holm, in this case) in various tasks and
phases of the publications. The contribution levels, in order of work magnitude:
Major Effort (ME) denotes that the Ph.D. student contributedmajor effort towards
the tasks related to the indicated column. Equal Effort (EE) indicates that the
Ph.D. student contributed an equal effort to the indicated column, for example,
if the drafting process was shared or if work was otherwise divided between co-
authors. Contributing Effort (CE) is assigned when the Ph.D. student contributed
some effort towards the indicated column, but another author delivered the main
effort. Learning Effort (LE) is used when the Ph.D. exerts an effort of a learning
character, for instance, by assisting with the data collection or the analysis; how-
ever, it does not significantly contribute to the indicated column.

Table 3.2: Declaration of author contribution.
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Chapter 4

BreathFinder: a Method For
Non-Invasive Isolation of
Respiratory Cycles

4.1 Introduction

At present, in order to be able to correctly diagnose a sleep disorder, an expert
sleep scorer must manually review (score) a Polysomnography (PSG) which is an
overnight collection of various physiological signals from a patient suffering from
a suspected sleep disorder. This type of study is performed either in a controlled
hospital environment or in a home setting, each with their advantages and dis-
advantages [99]. A wide range of signals is currently being collected, including
respiratory inductance plethysmography (RIP), oxygen saturation (SpO2), nasal
airflow, electroencephalography (EEG), electromyograms (EMG), electrocardio-
graphy (ECG), audio, and others [8]. The sleep scorer must annotate the sleep
stages and other events of interest, which include respiratory events (apneas, hy-
popneas), oxygen desaturations, body movements, and respiratory event related
arousals (brief waking periods due to breathing interruptions). These annotations
are then used to determine the diagnosis and recommend a treatment.

For historical reasons, most automated scoring of PSG data uses fixed-length
epochs following the methodology adopted for manual scoring. An alternative
approach, adaptive segmentation, which is based on segments of variable length
depending on the signal [27] has to the best of our knowledge been confined to
research on brain activity during sleep [100], with some success in sleep staging
[101], [102].

A limited amount of literature exists on using adaptive segmentation to iden-
tify individual breaths, or respiratory cycle isolation (RCI), with existing methods
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mainly based on statistical analysis of signals such as peak and valley detection in
the airflow, thoracic or abdominal RIP signals, and feature extraction and mod-
eling, which are mostly derived from the audio signal recorded during the study.
[37]–[45]. One problem with some approaches is that formal validation of the
algorithm is often not provided on patient data. Issues with equipment, wide vari-
ations in patient behavior, and noisy environments such as partner breathing or
background noise, may consequently not have been adequately explored.

Rosenwein et al. introduced a breath detection algorithm based on a ran-
dom forest approach [40]. They derived 351 features from audio recordings and
trained the model to detect inspirations and exhalations, reporting an 87% and
76% accuracy in predicting inspiration and expiration events, respectively. Yaha &
Faezipour trained a support vector machine to detect respiratory phases using au-
dio from a microphone placed in front of the participant’s nose [41]. They report
a 95% accuracy but acknowledge that the results depend on a number of factors
of the microphone’s placement and quality. Palaniappan et al. developed a neural
network solution for classifying respiratory phases using respiratory sounds [46].
While they reported very good overall performance for their model, they did not
disclose the accuracy of the model for the different breath phases. Hsiao et al. de-
signed an attention-based autoencoder to perform respiratory segmentation on the
audio signal [45]. They report a 91% accuracy in detecting the respiratory phases.
A similar method applying adaptive segmentation using a variable window size
was also proposed by Lalouani et al. with the AUDAS system [47], which is capa-
ble of segmenting the audio signal into individual breath phases as well as clas-
sifying chronic obtrusive pulmonary disease with a reported 92% accuracy in the
detection of breaths vs. non-breaths with their model. Hult et al. proposed a bioa-
coustic method that can accurately time respiration from tracheal sounds, using a
summation method over the frequency domain of the audio signal. They evaluate
their algorithm on 2074 respiratory cycles from two groups of participants, one be-
ing recorded in a quiet environment and another with acoustic disturbances from
surrounding activities. They report detecting respiratory phases with 99% accu-
racy on participants in the groupwith the quieter environment, and approximately
90% accuracy in the group recordedwithmore noisy conditions [44]. Alshaer et al.
present a method for segmenting respiratory audio from a cardioid microphone
but do not explicitly state performance metrics [48]. Moyles & Erlandson pro-
posed a non-parametric statistical approach to RCI, based on detecting changes in
the trend of the airflow signal, but do not provide any validation of their algorithm
[37]. Korten &Haddad presented a pattern recognition algorithm that detects res-
piratory events in a barometric pressure signal [49], they claim the difference in
mean values for inspiratory time (T_i), expiratory time (T_e), and total respiratory
cycle time (T_tot) between the manually calculated values and the automatically
detected values using the pattern recognition algorithm is very small (<6%), but
do not explicitly state performance in terms of detections. Lopez-Meyer et al. pre-
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sented an RCI algorithm based on peak and valley detection on RIP signals to de-
termine the beginning and end of a breath segment, reporting 96% precision when
detecting breath cycles for participants during rest[39]. A Python library, RespIn-
Peace, for RIP belt analysis is also available, which uses a peak and valley location
algorithm to find respiratory cycles during a conversation. but appears to have no
published validation [42].

Although the existing literature presents diverse methods for RCI algorithms,
there is no consensus yet on which signals to base the segmentation on, validation
of methods is limited and whether the segmentation should be done on a respira-
tory phase basis, or on a respiratory cycle basis is not always clear, with the task of
RCI sometimes referred to as breath segmentation [39], [103], or breath cycle seg-
mentation [46]. The problem of performing RCI on PSG data in relation to sleep
and respiratory events does not appear to have been deeply studied.

In the rest of this paper, we will present and evaluate BreathFinder, a novel
algorithm that locates individual respiratory cycles within breathing signals col-
lected from a PSG using signal processing and statistical methods. The aim of this
research is to enhance the analysis of sleep data on an individual breath level.
We evaluate our method on a real-life dataset of over eight thousand individual
breaths.

The main contributions of this paper are:

• A novel algorithm for performing RCI.

• New methods for evaluating the performance of algorithms designed to lo-
cate events in signals.

4.2 Materials and methods

The common definition of a respiratory cycle in the literature splits a single cycle
into 4 distinct phases; inspiratory, inspiratory pause, expiratory, and expiratory
pause [43]. In this work, a single cycle in the respiratory system is defined as
starting with an inhalation and ending just after the following exhalation, with
the terms ‘breath’ and ‘respiratory cycle’ considered synonyms. This definition
ignores the inspiratory pause phase, and interprets the expiratory pause phase as
a pause between two individual breaths belonging to neither. This definition also
explicitly defines that by its definition of breath, no two breaths can occupy the
same moment in time. The different phases of the respiratory cycle as defined in
this work are visualised in Figure 4.1.
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Figure 4.1: Phases of the respiratory cycle.

We used breathing signals from the PSG to detect respiratory events, in partic-
ular the airflow and RIP signals. The airflow signal measures nasal respiration,
and is most commonly measured with a pressure transducer attached to a nasal
cannula[8]. RIP signals are measured via two belts which stretch around the tho-
rax and abdomen to measure changes in inductance caused by the movement of
the body part they are placed around. RIP belts are normally used to detect res-
piratory events in conjunction with the nasal cannula and to estimate respiratory
effort[8].

When performing RCI, a decision must be made on the signal source which
is most appropriate for this purpose. The two main factors in this decision are
the error rate of the signals and any potential impacts of external factors such as
background noise.

In practice the nasal cannula has several logistical issues: the sensor can get
loose, affecting themeasured airflow, or the participant can startmouth breathing,
bypassing the sensor completely. Since multiple studies also show that the nasal
airflow signal exhibits poor quality in an estimated 10% of cases [99], [104], we
deemed it inappropriate for this study. The audio signal was also eliminated, even
though some studies show the signal is not as prone to error as the other signals
[104], because the signal may containmany different acoustic events such as snor-
ing, movement-related artefacts, or various background noises which complicate
the task of pure breath detection[44]. RIP belts have the advantage that they are
not susceptible to ambient noises, nor the bypass problem that the airflow signal
may encounter. Of the two RIP belts, since the thoracic RIP signal captures the
action of the chest-wall muscles more closely than the abdominal signal, we chose
the thoracic RIP signal as the basis for our analysis.
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4.2.1 The BreathFinder algorithm

A flowchart of the proposed RCI algorithm is presented in Figure 4.2. The algo-
rithm takes a thoracic RIP signal as a parameter, along with a sampling frequency
fs. The output is a list of individual respiratory cycles, each consisting of the on-
set, i.e. the start of the respiratory cycle in seconds since the signal start, and the
duration of the respiratory cycle in seconds. The algorithmworks on the principle
of segmenting the signal into windows 𝑤[𝑛], with arbitrary onset 𝑛 in the signal,
and then searching for a single respiratory cycle in the selected window. The algo-
rithm first calculates the autocorrelation function for𝑤[𝑛] in order to estimate the
lengths l of all potential breaths in the window. It then uses a probability model to
discard breath length candidates that are considered too unlikely, either because
the length is too long or too short. Then, for each remaining breath length l, the
algorithm creates a template waveform of that length, which it correlates with the
signal window to find where in the window the breath onset is most likely to be.
After the window is analysed, the algorithm advances the window further in the
signal, and repeats the process. The analysis windows overlap in order to allow
the algorithm to analyse every breath multiple times.

Analysis window
pre-processingLength estimation

Location estimation No YesLengths
exhausted?

Yes

No
Found valid

location?

YesNo

End of signal
reached?

Post Processing

Store 

breath start 

and duration

Analysis window
advanced

Thoracic RIP 

signal

Initial analysis window
created at start of signalStart

End

Figure 4.2: Respiratory Cycle Isolation algorithm flowchart.
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Signal pre-processing

Thepreprocessing of theRIP signal is two-fold. First, the entire signal is smoothed,
using a Savitzky-Golay filter, which fits a polynomial function to smooth the data
points [105]. Here, we used a filter employed with a third order polynomial and a
window size of 51. The filter parameters were tuned beforehand via experimenta-
tion to ensure that the smoothing had a minimal effect on the overall shape of the
RIP signal while still eliminating some of the finer noise. Then, each individual
𝑤[𝑛] was corrected for skew. This was achieved by fitting a linear function to the
signal in𝑤[𝑛], and adjusting the function so that the y-intercept was 0.0. The func-
tion was then subtracted from each sample of the signal. This procedure removes
large-scale skew from the signal window, but leaves the general shape of the signal
intact. The procedure also had a positive effect on the template waveform fitting
procedure, making it less likely to produce incorrect results due to skew. The re-
sult of this pre-processing step was that the cleaned thoracic RIP signal was ready
to be used to estimate breath lengths.

Main algorithm body

In the first step, the algorithm takes an analysiswindow𝑤[𝑛], containing a cleaned
signal and estimated its periodicity𝑇 using the autocorrelation function. The prin-
ciple of the autocorrelation function (ACF) is to shift the signal forwards in time
by 𝑘 and to compare it to itself. When 𝑘 = 0, the signal correlates perfectly with it-
self, but as 𝑘 increases, the correlation decreases. The formula for autocorrelation
of a signal 𝑥 is:

ACF(𝑥)[𝑘] = 1
𝑁

𝑁−1
∑
𝑛=0

𝑥[𝑘] ⋅ 𝑥[𝑛 + 𝑘], (4.1)

where N is the length of 𝑥, and 𝑘 the shift. For periodic signals, when 𝑘 = 𝑇
2
,

the value of the auto correlation is low, as the signal is being compared to itself
when it is in asynchony. As 𝑘 approaches 𝑇, the correlation value increases, as the
first period lines up with the following period. Thus the peaks of 𝐴𝐶𝐹(𝑤[𝑛]) can
be used to estimate the periodicity of a signal [106]. In the next step, the peaks in
𝐴𝐶𝐹(𝑤[𝑛])were found using a peak-finding algorithm. Since the analysis window
length was more than twice the mean breath length, 𝑤[𝑛] is likely to contain at
least two breath cycles, and thus multiple peaks. To address the possibility of false
alarm peaks produced by this approach, the algorithm models the breath length
probabilities with a normal distribution. The parameters 𝜇 and 𝜎 for the normal
distribution were calculated as the mean and standard deviation of the length of
breaths within Evaluation-Subset-A and B.

The modelled probability distribution can be seen in Figure 4.3 along with a
density histogram of the breath lengths from the sets of 8782 manually annotated
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intervals.

Figure 4.3: Reference breath length histogram with model normal distribution.

Using this probability distribution, the algorithm can rank the breath length
candidates, ensuring that it considers the most probable breath length first, thus
saving on computing time. Additionally, any breath length candidatewhose length
probability is less than three standard deviations from the mean is discarded as
being too unlikely. Practically speaking, this means that any breath shorter than
approximately 1 second or longer than 6 seconds was discarded.
In the next step, for every remaining breath length candidate, a discrete sine tem-
plate waveform is generated, using the following formula:

𝑠𝑖𝑛[𝑛] = 𝑠𝑖𝑛(𝑛 ∗ 2 ∗ 𝜋𝑙 + 𝜃), (4.2)

where 𝑙 is the length of the candidate in seconds, and 𝜃 is an offset that can be set
to 1.5 𝜋 to shift the waveform so that it starts at -1, ends at -1, and has a peak in
the middle. To find where a given template waveform fits most closely to the RIP
signal window, the algorithm compares it to the RIP signal using the Pearson cor-
relation coefficient (𝜌) at each point on the RIP signal. The formula for calculating
𝜌 for a pair of signals is:

𝜌(w[n], sin[l]) = cov(w[n], sin[l])
𝜎𝑤[𝑛]𝜎𝑠𝑖𝑛[𝑙]

(4.3)
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where 𝑐𝑜𝑣(𝑤[𝑛], 𝑠𝑖𝑛[𝑙]) is the covariance of the window and template waveform ,
and the covariance can be calculated as:

cov(w[n], sin[l]) =
𝑁
∑
𝑖=1

(𝑤[𝑛][𝑖] − ̄𝑤[𝑛])(𝑠𝑖𝑛[𝑙][𝑖] − ̄𝑠𝑖𝑛[𝑙])
𝑁 (4.4)

where N is the length of w[n] and sin[l] which must be equal, and ̄𝑤[𝑛] and ̄𝑠𝑖𝑛
are the means of the respective signals. The sign of 𝜌 describes whether the sig-
nals are positively or negatively correlated, and its value describes how strong the
correlation is. A 𝜌 value of 0.0 means that the signals are not correlated, a value of
1.0 indicates a positive correlation and a value of -1.0 means that the variables are
perfectly inversely correlated. The algorithm treats the RIP signal as one variable
and the template waveform signal as another, and calculates the correlation of the
template waveform over the entire window. The correlation of the template wave-
form and the RIP signal produces a third signal, whose peaks represent possible
onsets of the target breath.

Since the template waveform is an approximation of the shape of a breath, 𝜌
is not expected to reach 1.0. However, the correlation still provides information
about the validity of the breath onset. The algorithm discards any breath onset
candidate whose 𝜌 is less than 0.75. The 𝜌 elimination criterion was chosen via
experimentation to eliminate as many inaccurate guesses as possible, while still
not being so strict as to eliminate legitimate guesses on noisy data, at approxi-
mately 0.5𝜌 below the stable elimination criterion (see Fig. 4.6c). If this elimina-
tion step filters out all breath onset candidates, the algorithm repeats the template
waveform fitting process with another breath length candidate. If the algorithm
processes all breath length candidates and no breath is found in the current sig-
nal window, then the algorithm moves on to the next window. If the correlation
is above the threshold, the algorithm adds the onset and the duration to a list of
breaths and moves the window onset to the end of the detected breath. This pro-
cess is repeated until the signal is fully analysed.

4.2.1.1 Breath placement post-processing

As the slidingwindows overlap, the algorithmhas a tendency to rediscover breaths.
To solve this problem, the 𝑖𝑡ℎ breath is compared to the 𝑖+1𝑡ℎ breath. If the overlap
of the breaths spans the majority of the total length, the breaths are considered a
double detection, and therefore the detections are merged. The process of merg-
ing two breath detections involves replacing them with a single detection which
covers the area that both previous detections covered. The percentage overlap cal-
culation for a pair of time spans is:

𝑂𝑤(𝐴, 𝐵) =
2|𝐴∩𝐵|
|𝐴| + |𝐵| (4.5)
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where |𝐴| and |𝐵| are the lengths of time spans 𝐴 and 𝐵 respectively, and |𝐴∩𝐵|
is the overlap area of detections 𝐴 and 𝐵. If the breaths do not overlap at all, the
value produced by this function is negative, and in the case of perfect overlap,
the overlap value is 1.0. For this reason, the function is clamped above 0.0. The
detection merging procedure is visualised in Figure 4.4a.

Due to the 80% overlap required to merge breaths, the breaths can still overlap
by up to 20%. By definition, a breath cannot overlap with another breath, so for
each breath, the 𝑖𝑡ℎ breath is compared to the 𝑖+1𝑡ℎ breath. If they still overlap, the
end of the 𝑖𝑡ℎ and start of the 𝑖 +1𝑡ℎ breath are moved to the time of the minimum
value of the RIP signal within the overlapping region. This process is visualised in
Figure 4.4b.

Overlap area

Detection 1
Detection 2

Merged
detections 1

and 2

(a) Detection merging procedure.

Detection 1 Detection 2

Overlap

(b) Overlap elimination process (minimum
of the RIP signal marked by a white circle).

Figure 4.4: Key processes in the algorithm. (a) Detection merging procedure. (b)
Overlap elimination process.

The end result of this post-processing process is that there is no overlapping
pair of detections, satisfying the constraint that no two breaths can share a mo-
ment in time. When run on Evaluation-Subset-A and Evaluation-Subset-B, the
post-processing step removed 2.05% of detections on average from each interval.

Algorithm evaluation

As the algorithm’s task is to mark an individual detection event anywhere on a
signal, an obvious problem presents itself when comparing detections to a ground
truth. If the algorithm produces a false positive, splits a single breath into two
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or more breaths, or any case in which an extra detection is inserted, a misalign-
ment between the list of detections and annotations is created where the detec-
tions placed after the false positive have an index that corresponds to the index of
a later annotation than it should. The error compounds after each false positive.
The same misalignment error is created when the algorithm produces a false neg-
ative, except the misalignment is now reversed, i.e., each detection after the false
negative has an index corresponding to the index of an earlier annotation than it
should. As with the previous case, the misalignment error compounds after each
false negative.

Due to the possibility of misalignment errors, it is not possible to naively com-
pare the list of detections and annotations, and an extra step has to be performed
to match detections to their corresponding annotations. We solved this alignment
problem by using a matrix containing the percentage overlap of all available pairs
of detections and annotations calculated using eq. 4.5. This matrix is referred to
as the overlap matrix and simplifies the process of finding which detection corre-
sponds to which annotation, whether or not a given detection is a false positive or
not, and whether a given annotation corresponds to a detection or is a false nega-
tive. Given an overlap matrix 𝐴 of a list of detections 𝑋 and a list of annotations
𝑌, the overlap of any 𝑋[𝑖] and 𝑌[𝑗] can be accessed in 𝐴[𝑖, 𝑗].

Using an overlap matrix, a detection corresponding to any annotation could
be found by locating the index of the maximum overlap value in the overlap ma-
trix column for that annotation. To be counted as a correct detection for a given
annotation, a detection must have a weighted overlap value of over 80% with that
annotation. If an annotation had no value above that threshold in its column in
the overlapmatrix, the breathwas counted as having beenmissed by the algorithm
(false negative). Similarly, if a detection had no value above the threshold in its
row in the overlapmatrix, the detection was counted as a false positive. Due to the
restriction that detections may not overlap, it was impossible for two detections to
correspond to the same annotation. This paper uses the precision (ratio of true
positives to true positives and false positives), recall (ratio of true positives to true
positives and false negatives), and F1 score metrics to estimate the accuracy of the
algorithm.

In addition to the precision, recall, and F1, additional statistics were collected
on the placement error of the detections that were counted as correct. Those in-
clude the length of detections versus the length of the annotations. The start and
end error was calculated using the following two formulae:

start error = 𝑠 − ̂𝑠 end error = 𝑒 − ̂𝑒 (4.6)

where 𝑠 is the annotation start, 𝑒 is the annotated breath end, ̂𝑠 is the predicted
breath start, and ̂𝑒 is the predicted breath end.
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The algorithmhas fourmain parameters; the analysiswindow length, the over-
lap threshold, the correlation cut-off for the sine fitting procedure, and the prob-
ability threshold for the filtering process. To gauge the effect these variables have
on the algorithms performance, the evaluation was repeated for a range of values
for each variable.

4.2.2 Data description

An extensive evaluation of the correctness of the algorithms output is required,
both during normal breathing, and other conditions that may arise during sleep.
The dataset used for validation contained 31 overnight PSGs from a population of
people diagnosed with obstructive sleep apnea, as well as people with no known
sleep issues (VSN-14-080). Of the participants, 13 were female and 18 were male.
The mean age of the participants was 47.1 years, in the range of 20 - 69 years. The
mean body-mass index (BMI) was 29.9 kg/m2 in the range of 21.6 - 49.3 kg/m2.
The mean apnea-hypopnea index (AHI) was 9.3ℎ−1 in the range of 0.0 to 34.8 ℎ−1.
Due either to signal failure in the RIP signal, or errors in exporting the recordings
from the proprietary NOX format to the standard European data format (EDF), 5
recordings had to be discarded. Each PSG included all standard signals, includ-
ing EEG, EOG, EMG, ECG, airflow recorded with a nasal cannula, thorax and ab-
domen RIP belts, pulse oxymetry (SpO2), and an audio signal. The RIP belts in the
dataset were recorded with a 25 Hz sampling frequency. Additionally, esophageal
pressure was recorded with a nose fed catheter [93].

The algorithm was evaluated against 39 variable-length manually annotated
evaluation intervals, which further split into 2 evaluation subsets. The first set, re-
ferred to as Evaluation-Subset-A was selected to specifically contain various sleep
disordered breathing (SDB) events, as well as different sleep stages. Evaluation-
Subset-A contained 14 variable length intervals with the mean length of 16 min-
utes, in the range of 1.5 to 37.5 minutes, with the cumulative length of 225.65
seconds (3.6 hours). The SDB events in Evaluation-Subset-A included obstructive
apneas, hypopneas, and increases in respiratory effort without apnea or hypopnea.
Further events included in Evaluation-Subset-A were sleep stages, movements,
oxygen desaturations and snoring.

These intervals, however, were only selected fromoneparticipant in the dataset,
and are not representative of the general public. To address that issue, a second
evaluation subset was defined, referred to as Evaluation-Subset-B, consisting of a
collection of 10 minute intervals from the remaining 25 valid PSGs in the dataset.
These intervals were selected randomly from each recording in order to avoid
cherry-picking favourable intervals. The random selection was done blindly, aside
from being restricted from 1 hour after the recording starts to 1 hour before the
recording ends. This was done to reduce the probability of including either the
participant settling down to sleep, or moving around as they wake up.
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The locations of individual breaths in both evaluation subsets were then man-
uallymarked using a custom-made scoring tool programmed in Python. Theman-
ual breath annotations represented the ground truth. Of the total 39 intervals
in Evaluation-Subset-A and Evaluation-Subset-B, one was found to be incorrectly
manually annotated andwas discarded. The algorithmwas therefore evaluated on
7.3 hours of manually annotated data over 38 intervals, containing 8782 individual
breaths from 26 participants.

4.3 Results

The algorithmwas evaluated on two sets of manually annotated intervals, the first
set containing a relatively high amount of SDB events, and the second set being
sampled from a population of 25 participants. Fig. 4.5 shows the format of how a
breath is detected by the algorithm. The results of the performance evaluation are

Onset

Duration

[ Onset, 
  Duration]

Figure 4.5: Visualisation of an example detection.

summarised in table 4.1, and the placement errors are shown in table 4.2.

Table 4.1: Evaluation results of the RCI algorithm.

Evaluation
subset

Mean precision Mean recall Mean F1

A 0.94 0.94 0.94
B 0.93 0.95 0.94

The algorithm achieved, on average, 0.94 precision for Evaluation-Subset-A
and 0.93 for Evaluation-Subset-B. This means that only 6%, and 7% of detections
were classified as false positives for Evaluation-Subset-A and Evaluation-Subset-
B respectively. The recall for Evaluation-Subset-A and Evaluation-Subset-B was
0.94 and 0.95, respectively, meaning that the algorithm only missed 6% of breaths
in Evaluation-Subset-A and 5% of breaths in Evaluation-Subset-B. Two intervals in
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Evaluation-Subset-B had noticeably worse results, with F1 scores of 0.79 and 0.81.
Upon visual inspection the errors seemed mainly to be due to incorrect manual
annotations, and noise in the signal during those intervals. Omitting these two
intervals increased the mean F1 of the algorithm to 0.95 for Evaluation-Subset-B.
The algorithm performed noticeably worse for one interval in Evaluation-Subset-
A than for the others, its precision being 0.76, recall being 0.963, making for an F1
score of 0.854. This was due to the interval being relatively short, and the begin-
ning of the signal being dominated by amovement event, causing the algorithm to
misclassify the movement as breaths. On the other hand, the algorithm achieved
perfect precision for two intervals in Evaluation-Subset-A and one in Evaluation-
Subset-B, all of which contained no SDB events, and only stable breathing. The
recall was slightly more stable than the precision for both sets, with the standard
deviation being 0.054 for the recall, and 0.058 for the precision.

Table 4.2: Placement errors of the RCI algorithm.

Evaluation
subset

Annotation
mean breath

length
(seconds)

Detection
mean breath

length
(seconds)

Mean abs.
start error
(seconds)

Mean abs.
end error
(seconds)

A 2.57 2.76 0.16 0.24
B. 3.56 3.88 0.23 0.30

The mean start error for both Evaluation-Subset-A and Evaluation-Subset-B
was approximately 6.4% of the mean breath length. The mean end error for both
sets was greater, being 10% and 8.4% of the mean breath length for Evaluation-
Subset-A andEvaluation-Subset-B respectively. When visually inspected, the align-
ment of the detections and the thoracic RIP signal was high for both Evaluation-
Subset-A and B.

4.3.1 Sensitivity analysis results

The analysis window length is the length in seconds of the window that the algo-
rithm uses to search for breaths in at each step.

The results of the sensitivity estimation can be seen in Figure 4.6a, and shows
that both precision and recall rise sharply as the window length reaches approx-
imately 6 seconds, and plateaus at approximately 8 seconds. The reason for the
sharp rise in performance between 2-6 seconds is most likely that the window can
not reliably fit two cycles of the respiratory cycle until the window becomes longer
than twice the average length of breath in the dataset.

The overlap percentage is the amount of the previous window included in the
next window as the analysis window advances. The effect of this parameter is
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shown inFigure 4.6b, which suggests that the algorithmperformsnoticeably badly
only in terms of recall when the overlap percentage is around 0. This can be ex-
plained by the algorithm missing breaths as the window skips either entirely, or
partly over them. The precision seems largely unaffected, which indicates that the
number of false positives drops proportionally with the number of true positives.

The correlation threshold dictates how much a breath candidate must resem-
ble a model breath in terms of its Pearson correlation (Figure 4.6c). It is meant to
filter out waveforms that may only superficially resemble breaths, however, still
forming peaks in the sine-correlation function.

As the correlation threshold increases, the precision improves. This can be
interpreted as the criterion for what ”looks like a breath” becoming stricter, thus
eliminating more false negatives. The recall seems unaffected by this criterion
until the threshold reaches approximately 0.8, atwhich point it sharply drops. This
is to be expected, since the template waveform is only an estimation of the general
shape of a breath in the signal, and thus the correlation with the signal is not
expected to be perfect.

The probability threshold parameter is used to discard breaths that are consid-
ered too improbable. To estimate the effect of this variable on the performance of
the algorithm, the evaluation was repeated for a range of probability thresholds.

As Figure 4.6d indicates, the absence of this filtering step seems to have little
effect. The precision is least affected by the probability threshold, while the recall
drops sharply off as the threshold increases. This is reasonable since as the thresh-
old increases more legitimate breaths are discarded, thus negatively affecting the
recall until the threshold reaches approximately 0.55, at which point all breaths
are discarded. The stability of the precision suggests that the rate of false positives
drops proportionally to the rate of true positives as this parameter approaches 0.5.
The reason for the falloff of both the precision and recall at 0.5 is that the max-
imum possible value of the probability estimator is 0.5, any value above 0.5 will
therefore cause the filtering process to discard all detections.

4.4 Discussion

This paper presents a novel algorithmdesigned to performRCI on the thoracic RIP
signal, based on signal processing and statisticalmethods. The algorithm achieved
an F1 score of 0.94 when detecting breaths during sleep over multiple nights and
including SDB events, that is 94% of breaths were classified correctly, with 6% false
negatives. Of the detections made by the algorithm, approximately 95% are cor-
rectly placed breaths, with only 5% being false positives. This accuracy is superior
[40], or comparable [39], [43] with previous work, however, we note that compar-
ison to some prior work is problematic since there is no standardized method of
evaluating RCI algorithms, and thus different works approach the task of evalua-
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(a)AlgorithmRecall and Precision sensitivity
to window length.

(b) Algorithm Recall and Precision sensitiv-
ity to overlap percentage.

(c) AlgorithmRecall and Precision sensitivity
to correlation threshold.

(d) Algorithm Recall and Precision sensitiv-
ity to probability threshold.

Figure 4.6: Sensitivity analysis of algorithm Recall and Precision to various pa-
rameters. (a) Window length, (b) Overlap percentage, (c) Correlation threshold,
and (d) Probability threshold.

tion differently, making comparisons difficult, if not at times impossible [37], [42],
[46]. Comparison between algorithms can be seen in Tab 4.3

Currently, the algorithm is only evaluated on RIP signals collected with a 25Hz
sampling frequency. The algorithm is designed to be independent of the sampling
frequency of the signal, but requires a similarly rigorous evaluation at other sam-
pling frequencies. In the validation data used in this paper, the algorithm is vali-
dated on intervals containing significant movement, respiratory events, as well as
various sleep stages.

The evaluation found that the detection rate was not meaningfully influenced
by respiratory events or physiology, however, the most impactful factor in terms of
detection rate seemed to be artefacts. On the other hand, artefacts such as move-
ment or signal failure only cause the algorithm to produce errors where the arte-
facts occur, and cause no errors for future detections, indicating that the algorithm
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Table 4.3: Comparison between this work and related work.

Algorithm Accuracy Signal N

BreathFinder (This work) 94% Thorax RIP 8782 respira-
tory cycles

Rosenwein et al. [40] 87% Audio 188.850 events
(inspirations)

Yaha & Faezipour [41] 95% Audio 128 events
Palaniappan et al. [46] ”Very Good” Audio 72000 events
Hsiao et al. [45] 91% Audio 489 recordings

of lung sounds
from 22 partici-
pants (number
of events not
specified)

Hult et al. [44] 99% - 90% Audio 1863 respira-
tory cycles

Alshaer et al. [48] Not Stated Audio -
Moyles & Erlandson [37] No Validation Air Flow -
Lopez-Meyer et al. [39] 96 % RIP Belts At least 10

minutes from
4 participants
(number of
events not
specified)

RespInPeace [42] No validation RIP Belts -

can easily recover from a noisy period. When the detection error of the correctly
detected breaths is expressed as the mean absolute start and end error, the algo-
rithm tends to produce greater end errors than start errors. The mean end error,
however, was less than 8% of a mean breath length, and upon visual inspection,
was not discernible to the human eye. The start and end errors of both sets may be
partially explained by the fact that the manual annotations did not observe the re-
striction that only one breath can take place at anymoment imposed by this work’s
definition of the respiratory cycle, effectively introducing small sections of the an-
notations that at most one detection can overlap with thus artificially negatively
impacting the metrics.

Despite the fact that the algorithm is originally designed for use in sleeping in-
dividuals, we believe it could be used to research respiration during speech, exer-
cise, emotional response analysis, and other applications provided that the proper
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evaluation of the output correctness is performed. The total number of partici-
pants used for the evaluation of the algorithm was 25. This is comparable to other
literature, where the range of the number of individuals used for testing similar
tasks ranges between none reported, 4, 75, and 140 [37], [39], [40], [42], [46]. In
future work, the algorithm could be evaluated on amuch larger dataset. The algo-
rithm achieved a higher accuracy than the AUDAS algorithm [47], however, the
AUDAS algorithm detects individual respiratory phases whereas BreathFinder lo-
cates individual respiratory cycles and therefore direct comparison is not appro-
priate. Similarly to AUDAS, the work done by Hsiao et al. achieves 92% accuracy
when detecting inspirations and expirations, but as the task is fundamentally dif-
ferent to this approach, direct comparison is not appropriate [45]. The algorithm
is designed to work on the thoracic RIP signal, but in theory should also work on
the abdominal RIP signal. However, this requires validation to assess the validity
of the results.

Due to the high detection rate of the algorithm and the relatively low rate of
false positives, the authors suggest that the proposed algorithm can be reliably
used for future research into the nature of respiration during sleep based on RCI-
based adaptive segmentation. However, assessment on larger datasets is needed to
evaluate the performance of the algorithm when faced with a more diverse range
of respiratory events such as central apneas.

4.4.1 Clinical implementation and applications

The implementation of the BreathFinder algorithm has previously demonstrated
its utility in other works, particularly in the identification of Obstructive Apneas.
It has been successfully applied in detecting obstructive apneas by applying the
BreathFinder algorithm on the thoracic RIP signal to find individual breaths, and
then performing machine learning on the thoracic, abdomenal, and flow signals
during those individual breaths, exhibiting impressive performance with a sub-
stantial F1 score of 0.94 in apnea detection tasks, thus corroborating its efficacy
and reliability in this context [107]. This makes it an instrumental tool in the di-
agnosis and management of sleep-related disorders. Moreover, the BreathFinder
algorithm has shown versatility by its effective application in an unsupervised
machine-learning context. Encoding the thoracic and abdomenal RIP signals,
along with the airflow signal from individual breaths facilitated the exploration
of the latent feature space, which consequently allowed the identification of sig-
nificant clusters of breaths. These clusters demonstrated notable common char-
acteristics, including the incidence of obstructive apneas [107]. This exemplifies
the algorithm’s capacity for contributing to advanced analytical strategies that ex-
pose the intricacies of respiratory patterns. It emphasizes the potential for further
exploitation of the BreathFinder algorithm in a myriad of applications, includ-
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ing advanced diagnostics, predictive modeling, and personalized therapeutic ap-
proaches.

4.4.2 Study limitations

The evaluation has the drawbacks that it is only formally done on the thoracic RIP
signal, and the evaluation was only done on data from one dataset. The algorithm
has furthermore only been evaluated against a RIP signal using 25 as the sampling
frequency. Further research is additionally required to specifically evaluate the ef-
fects of events such as changes to body posture, RIP artefacts, incorrect RIP place-
ment, RIP belt stability or other deformations in the signal. The purpose of the
algorithm is to isolate breaths, rather than to provide any information or statistics
on the nature of the breath further than its location in the signal, and any analy-
sis such as obstructive apnea detection or flow measurement is future work made
available by this work. Due to the low number of breaths that the BreathFinder al-
gorithm is evaluated on, the statistical significance of the results cannot be assured
and thus an assessment of the algorithm on larger datasets is needed to evaluate
the algorithm’s performance when faced with a larger and more diverse range of
respiratory events such as central apneas, and therefore, this work can be viewed
as a proof-of-concept study.

4.5 Conclusion

This paper introduces BreathFinder, a novel algorithm designed to find individ-
ual breaths in the thoracic RIP signal. The algorithm uses periodicity estimation
and sine fitting procedures to pinpoint the locations of individual breaths within
a PSG. The algorithm was evaluated on approximately 7.8 hours of manually an-
notated breathing intervals. The results suggest that the algorithm detects, on av-
erage, 94% of breaths correctly, and of the detected breaths, only 4% on average
are false positives. The placement error of the correctly detected breaths was gen-
erally within acceptable margins, being less than 10% of the mean breath length.
The exceptional performance of the algorithm in terms of the evaluation metrics
suggests that it is usable for further analysis of sleep data on a breath-by-breath
basis. Unlike previous thorax RIP RCI algorithms, BreathFinder is provided as an
open-source algorithm, is also validated against a large range of respiratory events,
and demonstrates robustness against signal artifacts, also making it the only RCI
algorithm evaluated on sleep data known to the authors.



Chapter 5

Exploration of Sleep Events in the
Latent Space of Variational
Autoencoders on a
Breath-by-Breath Basis

5.1 Introduction

Machine learning has opened up new possibilities in analysing data, enabling
computers to perform tasks previously thought to be only conducted by humans.
Unfortunately, the fields of medicine, and sleepmedicine in particular, have lagged
behind in the adoption of machine learning, not fully utilising the unrivalled abil-
ity of computers to analyse multidimensional data, and detect correlations and
patterns most humans would otherwise be incapable of seeing [108]. Thus sleep
medicine is still heavily reliant on manual labour which is both time consuming
and costly [109].

Sleep, sleep quality and sleeping disorders are measured with an overnight
sleep study, which attempts to measure the physiological systems which we lack
full understanding of, as evident by the low scorer agreement for sleep stages and
different respiratory events [10], [11]. These measurements are represented by
multidimensional time series data of various physiological signals, which are then
scored by sleep experts in terms of sleep architecture, respiratory events, arousals
andmore [7]. When considering that the inter scorer reliabilitywhen scoring sleep
stages is only 82.6% on average [10], andwith the agreement on obstructive apneas
being 77.1% and hypopneas being 65.4% [11], it is clear that some aspects of these
events are not understood well enough to define rules that scorers can easily fol-
low. The fact that the agreement between scorers on these events is as low as it is
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suggests that the scoring rules do not adequately describe the signals that they are
used to score and are based more on human intuition than the data itself causing
the scoring disagreement.

This creates problems when training supervised machine learning models, as
the model will be trained to perform like the human scorer, and therefore, the
model trained will most likely agree with the scorer it was trained on but less so
on scorings made by different scorers. Application of machine learning in med-
ical research is also difficult as the design of models and features often requires
domain knowledge [110]. Machine learning has increasingly been used for mod-
elling of the respiratory system, but is not at the place yet where it can take over
medical decisions for patients [111]. In recent times, sleep research has seen a
surge in computer methods to automate the scoring of sleep stages and events
such as apneas or hypopneas but manual review is still required [112].

This problem can be minimized using unsupervised machine learning, where
a model is made to learn the data without including any human assumptions
through labels about the structure of the data. Unsupervised learning has been
suggested as a means of finding previously undiscovered long terms patterns in
sleep data [108]. Autoencoders (AE) are unsupervised machine learning models
that consist of two parts; 1) an encoder, and 2) a decoder [113]. The encoders
task is to transform the high-dimensional input data to a lower dimension, i.e. to
map the input to an encoding in a lower-dimensional space often called the latent
space. The decoder’s task is to reconstruct the original input from the encoding,
with the performance of the model being measured by the similarity of the output
to the input. A variational autoencoder (VAE) is an autoencoder where the latent
space is regularised, as a result vectors close to each other in the latent space have
similar decodings [114].

Furthermore, the need for explainable, and fair machine learning approaches
has been pointed out, with clinical applications in particular [115], and AE have
been described as notoriously contributing to fair representation of data [116].

In this paper, we developed an unsupervised machine learning approach to
study respiratory events in sleep studies on a breath-by-breath basis. Our pro-
posedmethodology consists of three steps. First we isolate individual breaths from
Respiratory Inductance Plethysmography (RIP) belts using the BreathFinder algo-
rithm [117]. Then we train a VAE on the individual breaths to reduce their dimen-
sionality in order to explore the latent space created by the VAE. Finally, we use
clustering analysis to detect clusters of breaths’ representation in the latent space.
The clusters are then analysed in terms of frequency of scored events occurring
within the clusters.

The research questions this paper aims to investigate are the following: I. To
what extent do events scored by sleep experts cluster together in the VAE despite
a completely unsupervised approach? II. What effect does providing the context
of respiration to the VAE have on its ability to represent respiratory signals in a



5.2. RELATEDWORK 41

limited latent space? III. Howwell can theVAE reconstruct the respiratory signals
despite a small latent space?

To our knowledge, this approach is novel, and no prior work exists applying
thesemethods on respiratory signals on a breath-by-breath basis. Themain contri-
butions of this paper are: Firstly, to the literature on information systems and ma-
chine learning, we show that respiratory data can be encoded by a neural network
into a relatively small encoding, and reconstructed from the encoding. Secondly, to
the literature on ML in healthcare, we show that the latent space of breaths forms
regions that can be sampled from and identified by sleep technologists. Thirdly,
to the literature on sleep, we contribute with an understanding that breaths that
happen during scored events display a tendency to cluster together in the latent
space.

The rest of this paper is organised as follows. In the next section we outline
related work in the field of machine learning in respiratory, and sleep research.
In the Methodology section, we explain how we setup the experiments. Next we
present, and then discuss the results before finally concluding the paper.

5.2 Related work

Sleep disordered breathing (SDB) is a class of disorders inwhich the process of res-
piration during sleep is interrupted [7]. SDB disorders such as obstructive sleep
apnea (OSA) are suggested to be prevalent, having been found in 43.1% of the
general population in Iceland [4], as well as estimated to affect one billion peo-
ple worldwide [5]. [50] designed and trained a combination of a convolutional
neural network and a long short-term memory (LSTM) neural network to clas-
sify sleep stages using a single frontal electroencephalogram (EEG) channel, they
found that classification accuracy decreased with an increase in obstructive sleep
apnea syndrome severity. [51] achieved 79.6% accuracy when classifying one sec-
ond signal segments into normal, obstructive apnea, and hypopnea classes. They
used deep convolutional neural networks to automatically learn the features of the
airflow, oxygen saturation, and RIP signals. [52] showed that a k-nearest neigh-
bour classifier could achieve up to 91.2% accuracy in classifying oneminute signal
segments as apneic or non-apneic when using modest features derived from the
respiratory inductance signal. This paper used statistics of breathsmarked by peak
detection, but did not derive breath-specific features. [53] classified respiratory
events as apneic/hypopneic versus non apneic/hypopneic on a breath-by-breath
basis using a random tree method. They used intuitive respiratory features such
as breathing rate and ”duration to last respiratory event” for the classification, and
report achieving 86.3% accuracy when classifying breaths as apneic/hypopneic.
[54] achieved a 88.9% accuracy on classifying OSA events using a LSTM network,
with an average error in apnea-hypopnea index of 3.0.
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Outsidemedical approaches, VAE has been used for tasks such as anomaly de-
tection [55], text classification [56], and recommender systems [57]. In themedical
field, VAEand otherAEmethods have been applied in variousways,mainly for the
electrocardiogram (ECG) [58]–[60], but also with some applications for the elec-
tromyogram (EMG) and EEG [61]. The application of VAE and other generative
machine learning models for biomedical signal analysis is a largely unexplored
field. [58] applied a novel class dependent implementation of the VAE for de-
tecting atrial fibrillation, improving the latent space clustering by simultaneously
training a classifier on the latent space with the VAE. [62] proposed an adversarial
VAE trained to generate and classify respiratory signals, using the latent space to
classify baseline shift breathing irregularities, during training. They trained the
adversarial VAE on fixed-length signal segments collected by a stereotactic radio-
surgery device. Since the is a great amount of uncertainty between scorers, this
approach did not seem appropriate for our application.

5.3 Methods

Our proposed methodology consisted of three steps: the segmentation of breaths,
VAE, and clustering. Furthermore, for validation, we sampled the reconstructed
signals from the clusters.

To locate breaths in the dataset, the BreathFinder respiratory cycle isolation
algorithmwas used [117]. BreathFinder utilises signal processing methods rooted
in statistics to locate individual breaths within the thoracic RIP signal. The ex-
tracted breaths were marked as being positive for an event if they overlapped with
a manually scored event.

The encoder part component of the variational autoencoder model was con-
structed using a series of convolutional layers, see Fig. 5.1a, and the decoder was
constructed using a series of convolutional transpose layers to restore the original
shape of the input from the latent shape. The convolutional layers were chosen,
since they are well suited for learning the shapes of the signal, as well as they are
suggested to be superior for the task to simple dense layers [62]. The decoder was
constructed roughly to mirror the encoder, starting by expanding and reshaping
the two-dimensional input, and then passing it to a series of four convolutional
transposition layers. The architecture of the decoder can be seen in Fig. 5.1b.

Additionally, as part of the parameter tuning, different layers were experi-
mented with, such as LSTM layers as well as dense layers, with the convolutional
VAE coming out on top in terms of reconstruction accuracy. The latent space
dimensionality of two was selected, mainly for the ease of visualising the latent
space.

The VAE loss function has two terms, the first term is the reconstruction loss,
which measures how well the VAE reconstructs the input signal from the latent
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(a) Encoder architecture.
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Figure 5.1: Variational autoencoder architecture components. (a) Encoder archi-
tecture. (b) Decoder architecture.

representation, and the Kullback-Leibler divergence [118], which is the term re-
sponsible for the regularisation of the latent space, and due to this regularisation
term in the loss function, the latent space has the property that vectors adjacent
in the latent space will produce similar results when passed to the decoder [114].
For the reconstruction task of the VAE, a reconstruction loss function was cho-
sen with the explainability of the reconstruction error in mind, for this reason, the
Mean Squared Error (MSE) was chosen, and is calculated as follows:

𝑀𝑆𝐸 =
∑|𝑋|

𝑖=0( ̂𝑥𝑖 − 𝑥𝑖)2

|𝑋|

where 𝑥𝑖 is a sample in the input signal 𝑋, and ̂𝑥𝑖 is the corresponding output
sample of the decoder.

The VAE was designed using version 2.4.1 of the TensorFlow [119] machine
learning framework, andwaswritten in version 3.9.7 of the Python3 programming
language. The chosen optimiser for this work, was the Adam optimiser [120] with
a classic learning rate of 0.001. Themodelweightswere initialisedwith theTensor-
Flow default random sampling. The VAE was trained on a Linux virtual machine
on the Sleep Revolution computational cluster, with a NVIDIA Tesla, V100 32GB,
250W graphics card.
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5.3.1 Clustering analysis

To investigate the latent space produced by the VAE, KMeans clustering was ap-
plied after passing the testing data through the VAE trained on the training data,
see details in Section 5.4.3. We used the standard KMeans implementation in
Python’s scikit-learn library, which selects initial cluster centroids using sampling
based on the data’s empirical probability distribution, repeating the process ten
times for each setting for number of clusters, to find the optimal result and Eu-
clidean distance as a distance measure. To determine the number of clusters to
divide the latent space into, an elbow analysis was performed, with the number of
clusters ranging from 4 to 20.

To determine which clusters in the latent space, if any, had a tendency to rep-
resent some events rather than others, the encoded breaths were assigned to their
respective cluster, and the frequency of scored events was counted for each clus-
ter. The result was a matrix𝐴, where the number of breaths drawn during event 𝑗,
and assigned to cluster 𝑘was accessible in 𝐴𝑗𝑘. This matrix was normalised across
each row. This was done for two reasons; we were mostly interested in the events
that showed an association with one or a few clusters rather than being uniformly
spread over the latent space, and we did not want one event that had a relatively
large number of associated breaths to be over represented in the exclusivity cal-
culation. To calculate which events showed the greatest amount of association in
terms of clusters, the standard deviation of the values in the rows of matrix𝐴were
calculated, and the events were ordered by the standard deviation in descending
order.

5.4 Experimental setup

5.4.1 Dataset

For thework in this paper, a dataset described byHorne et al. was usedwhich con-
tained 100 individual type three home sleep apnea testing studies, cumulatively
spanning 1031.5 hours, with the mean length of recordings being 10.3 hours [94].
The dataset included 71 men, and 29 women, aged between 24 and 68 years old
with the mean age of participants in the dataset being 49.4 years and the standard
deviation being 10.9 years. The body mass index of participants in the dataset
ranged between 17.5 and 52.5 kg/m2, with the mean and standard deviation be-
ing 30.1, and 6.0 kg/m2 respectively. The data collection was conducted with the
consent of the Landspitali Bioethics Committee (22/2014). Written consent was
obtained from all participants. The dataset was manually scored for respiratory
events, and signal artefacts by a sleep technologist. The types of events and their
explanation are outlined in Table 5.1.
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Table 5.1: Types of scoring events included in analysis.

Event Type Description Count %

Flow cannula
artifact

Signal artifact in the nasal airflow cannula. 8138 2.89

Hypopnea de-
tected in RIP

A hypopnea scored on the RIP signals as nasal cannula was not
reliable.

498 0.18

Paradoxical
breathing

Paradoxical movement of the RIP signals. 11555 4.11

Position-prone The breath was drawn in the prone position. 3286 1.17
Pleth
pulsewave-
drop

Pulse wave signal amplitude drops. 2242 0.8

RIP abdomen
artefact

Artefact in the abdominal RIP signal. 843 0.3

SpO2 signal
artefact

Artefact in the SpO2 signal 477 0.17

Pulse signal-
artefact,

Artefact in the pulse signal 566 0.2

Position-
upright

The breath was drawn in the upright position 2965 1.05

Obstructive ap-
nea

The breath was attempted during an obstructive apnea 6898 2.45

Invalid RIP-
flow signal

RIP flow signal was invalid, possibly due to an artefact in either
RIP signal

883 0.31

Invalid SpO2
value

The value of the SpO2 signal was not valid. 638 0.23

Position-Right The breath was drawn while the participant laid on their right
side

20435 7.26

Movement The participant was moving while the breath was drawn 16196 5.76
Position-supine The breath was drawn in the supine position 44412 15.78
Flow limitation Flow-limited breath 11521 4.09
Oxygen desatu-
ration

A drop in the SpO2 signal, most often associated with a SDB
event.

9673 3.44

Position-Left The breathwas drawnwhile the participant laid on their left side 29098 10.34
Hypopnea de-
tected in Flow

A hypopnea scored on the nasal airflow signal 3323 1.18

Normal Breath A breath as marked by a sleep expert 72131 25.63
Snorebreath A breath drawn during a snore 18789 6.68
Snore train A breath drawn during a snore train 16823 5.98

5.4.2 Preprocessing

In this work we used three respiratory signals namely raw nasal airflow signal
(nasal pressure), whichmeasures the pressure generated by thenose during breath-
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ing, and the thorax and abdomenRIP signals. Weused theBreathFinder algorithm
to mark individual breaths, i.e. extract signal segments, from the three signals. A
sample of raw respiratory data extracted with BreathFinder can be seen in Fig.
5.2. The total number of breaths across all participants in the dataset was 652,072,
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Figure 5.2: Example data of respiratory signals from BreathFinder.

averaging 6520.7 breaths per person. The lengths of each individual breath was
normalised to by re-sampling the signals in the breath to 256 samples. The num-
ber 256 was chosen due to it being a power of 2, simplifying the structure of the
encoder and decoder considerably. Additionally, to eliminate the impact of signal
calibration issues on the machine learning process, the amplitude of each signal
was normalised such that its amplitude spanned from 0 to 1.

Each breath was marked positive for a type of manually scored event if the
breath overlapped at any point with the scored event. Table 5.1 furthermore shows
the number of breaths in which each event occurred as well as the percentage of
breaths affected by each event.

5.4.3 Data splitting

To train the VAE, the dataset was split into two groups of participants, a training
group of 85 participants, and a testing group of 15 participants. The split was done
on a participant level rather than on a breath level in order to prevent theVAE from
learning to accommodate for the physiology of the individuals it was trained on,
and thus achieving better results when reconstructing unseen signals on familiar
physiology. The training dataset was composed of 63 males, and 22 females, and
the test dataset was composed of eight males, and seven females. One person was
recorded twice in the dataset, and thus the second night was discarded from the
dataset in order to not add any bias to the training.

The configuration of the VAE was determined with an experimental process,
adjusting both number of hidden layers, size of convolutional filters, and changing
the learning rate. The parameter tuning process was performed with the goal to
optimise the reconstruction loss. During the training process the training dataset
was kept constant, to eliminate the possibility of the model ‘getting lucky’ with
an optimal combination of training data and model configuration. The testing
data was not used in the process of parameter tuning. The best performance in
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Figure 5.3: Example of the reconstruction of the model.

terms of reconstruction loss was achieved with the encoder was constructed with
3 convolutional layers, followed by a flattening layer, and finally a sampling layer
[114].

5.5 Results

5.5.1 Training

The autoencoder was trained on the training data until the training loss converged
at approximately 18.9. With 3 × 256 samples to reconstruct, the loss ended up
converging when the reconstruction error was on average 0.024, for each sample
in the reconstructed signals. Since the signalswere normalised to spanbetween 0.0
and 1.0 during training, this corresponds to approximately 0.15 error on average
per sample in the reconstruction signal for the training data. This 0.15 error per
sample suggests a considerably bad reconstruction, but as Fig. 5.3 shows, a lot of
the higher-frequency signal data has been removed in the reconstruction, but the
overall shapes of the respiratory signals are preserved.

5.5.2 Clustering analysis

After training theVAE the testing data was passed through themodel andKMeans
clustering applied to the encoded two-dimensional data in the latent space. The
results from the elbow analysis suggested that the optimal number of clusters was
nine as can be seen in Fig. 5.4, the line however, does not show a definitive elbow.

In order to attempt to explain the model, samples were taken from ten differ-
ent points at the centres of visually identified clusters in the latent space. A sign
that the VAE trained correctly is that points close in the latent space had a similar
reconstruction, as evident when comparing the similar reconstruction of points c
and f, versus points c and d in Fig. 5.6.



48 CHAPTER 5. VAE FOR SLEEP EVENTS

Figure 5.4: Elbow analysis (distortion score is the sum of square errors).

Figure 5.5: Cluster prevalence for scorings.

The KMeans clustering produced the cluster configuration of the latent space
which can be seen in Fig. 5.6, and observing reconstructions a, d, e, g, and f in par-
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ticular, suggests that theVAE can accurately reconstruct the interplay between the
respiratory signals. For example, as the thoracic and abdominal RIP belt signals
expand and contract, the airflow signal shows an inspiration, and expiration.

Figure 5.6: Latent space sampling of individual breaths (a-z) with marked cluster
centres (1-10).

The cluster association of the manually scored events in the dataset was calcu-
lated, and the results are displayed in Fig. 5.5. Different scored events showed a
varying level of ‘cluster association’ and we take a closer look at some of these
events and their distribution in the latent space. The highest scoring event in
terms of cluster association was the nasal airflow artefact scoring. The nasal arte-
fact breaths tended to be placed overwhelmingly in cluster number eight, and as
shown in Fig. 5.7, the airflow artefact breaths clustered closely together in the la-
tent space, indicating that the nasal airflow artefacts were recognised, and learnt
by the model.

The second highest rated event in terms of cluster association was the hypop-
nea events as can be seen in Fig. 5.8, showing a clear associationwith cluster eight,
and a very limited area on the latent space in comparison to the airflow artefacts
in Fig. 5.7.

An event of particular interest was the paradoxical breathing often associated
with obstructive apneas. As Fig. 5.9 shows, the distribution of paradoxical breath-
ing events is distinctly skewed to lower half in the y-dimension in the latent space,
and the x-dimension of the paradoxical breaths forms a slightly bimodal distribu-
tion. The breaths drawn in the prone position showed a significant skew towards
the upper end of the y-component of the latent space distribution, and slightly
to the right of the x-component as can be seen in Fig. 5.10. For comparison, the
breaths drawn in the supine position are visualised in Fig. 5.11, which shows a
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Figure 5.7: Flow artefacts (green) vs. the population distribution (blue) in the
latent space.

Figure 5.8: Hypopnea events (green) scored on the nasal airflow signal vs. the
population distribution (blue) in the latent space.

distribution of the supine breaths that is much more similar to the left, right, and
prone position distribution.
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Figure 5.9: Paradoxical breathing events (green) vs. the population distribution
(blue) in the latent space.

Figure 5.10: Breaths drawn in the prone position (green) vs. the population distri-
bution (blue) in the latent space.

5.6 Discussion

In the previous sections, we both described and presented the results of training a
VAE to reconstruct respiratory signals from individual respiratory cycles, resulting
in a model able to represent individual breaths with only two values.

Existing work that targets similar focal points and focuses on applying ma-
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Figure 5.11: Breaths drawn in the supine position (green) vs. the population dis-
tribution (blue) in the latent space.

chine learning on respiratory data is mainly rooted in classification of respiratory
events, [52]–[54]. However, other applications exist [62]. Our contribution differs
from theirs in several ways. In order to shed light on the differences, we will go
through the three research questions one by one.

Regarding the first research question, our data indicates that respiratory events,
in particular, group together in the latent space, which indicates that some events
have a tendency to cluster together, while other events, such as breaths drawn in
the supine position (see Fig. 5.11) show no discernible difference in their distribu-
tion across the latent space. This illustrates that event types scored by sleep experts
seem to cluster together to some extent in the latent space.

Regarding the second research question, our results show that the VAE can
accurately reconstruct not only the signals but also the interplay between them.
Furthermore, when the RIP belts are in paradoxical movements, the nasal airflow
signal shows a clear limitation as well. This indicates that despite the breaths in
the latent space being 384 times smaller than the input data, the VAE was able
to learn the interplay between the signals. This result supports the intuition that
providing the context of the signals (in this case individual breaths for respiratory
signals) can allow machine learning models such as VAE to learn the mechanics
of signal data significantly easier compared to when using arbitrary segmentation
of the data. Additionally, breaths drawn in the prone position showed a drastically
different distribution than the other positions, suggesting that the prone position
has a much greater effect on breathing than other positions.

Regarding the third research question, we show that despite the fact that the
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reconstruction loss during training for the test data was approximately 15% per
sample in the signal, the reconstructions visually look exceptionally convincing.
A partial reason for a relatively high error rate may be attributed to the model
removing high-frequency signal components from the data. We conclude that the
VAE can accurately reconstruct the respiratory signals.

The disagreement between scorers for respiratory events is also hinted at by
our results as can be seen in Fig. 5.5. Despite the hypopneas that were detected in
theRIP signal being second in terms of cluster association, the hypopneas detected
in the flow signal were extremely spread across the clusters. Since the hypopneas
detected in the flow signal outnumber the hypopneas detected in the RIP signal
6.67 to one, the relatively low agreement makes sense. The low agreement in the
scoring for OSA is also visible in our results.

Due to the lack of existing comparable work in this field, and since most com-
parable works introduce some form of classification into the training process [58],
[62], it is difficult to compare this work to prior literature without extending the
scope of this paper. Due to the high uncertainty in the scoring for respiratory
events in sleep medicine we consider the contributions made in this paper, an ad-
vantage over the use of semi-supervised approaches for this type of application.

A limitation of this work relates to the KL regularisation term in the loss func-
tion of the VAE, the latent space has significant overlaps. Some works remedy
this by simultaneously training a classifier on the latent space, making for a semi-
unsupervised approach. This additional classifier training, however, introduces
some bias to the data, and as we wanted to keep our model completely unsuper-
vised, we opted to not train the classifier. Asmentioned earlier, the reconstructions
ignore the higher-frequency components of the signals, which may theoretically
contain information on pathophysiology. In its current form, the duration of the
respiratory cycle is ignored. Future attemptsmay find it appropriate to include the
length of the breaths in the model.

5.7 Conclusion

This paper describes the results of applying a variational autoencoder machine
learning model on respiratory signals from individual breaths, an application that
is to our knowledge novel. We performed clustering analysis using KMeans clus-
tering to analyse the tendency of breaths affected by events as labelled by sleep ex-
perts, to cluster together in the latent space. We saw that some events, in particular
respiratory events, show a tendency to cluster together, indicating that the neu-
ral network successfully learned some manifestation of the events in the signals.
We also show that even though the latent representations are 384 times smaller
than the input data, the reconstructions produced by the decoderVAEcomponents
are accurate, producing reconstructions that despite lacking the higher-frequency
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components of the input signalswhich theoretically could be pathophysiologically
significant, still simulate the interplay between the signals.

Futurework derived from seeds of thiswork could include further analysis into
the latent space, as well as experimentation with larger models. Furthermore, it
would be of interest to investigate if sequential breaths during sleep show a similar
position in the latent space, for example if a sequence of breaths drift towards the
nasal airflow artefact cluster before the signal shows the artefact. Additionally, it
was noticed during the work that when the VAE was used to encode and then de-
code breaths that displayed artefacts, the reconstruction showed that the VAE had
attempted to reconstruct the most probable shape of the unusable signal. This re-
constructive property suggests that future work could investigate whether VAE or
other AE models can be used to recover some information from signals otherwise
unusable due to artefacts.



Chapter 6

An optimized framework for
processing multicentric
polysomnographic data
incorporating expert human
oversight

6.1 Introduction

The emergence of explainable artificial intelligence (XAI) presents vast potential
for revolutionizing various application areas, such as in healthcare [121]. How-
ever, despite the great potential, there are significant issues that need to be tackled
before XAI can be fully utilized [122]. One such issue originates from applica-
tion areas within healthcare, where automation of manual tasks and data-driven
decision-support has to take the central stage before XAI can become a viable op-
tion [123].

A subfield of healthcare is the collection and analysis of sleep recordings, re-
ferred to as polysomnography (PSG) [108]. A PSG is an overnight recording of
various biomedical signals, such as an electroencephalogram (EEG), electromyo-
gram (EMG), electrooculogram (EOG), and various respiratory signals. Upon col-
lection, the PSG must be manually annotated by a sleep technologist which is a
cumbersome and time-consuming task [108]. PSG scoring is a vital step in the
process of identifying and diagnosing the presence of many sleep disorders, some
of which are extremely prevalent [5]. A sleep technologist will manually review
the recording according to a set of rules devised by theAmericanAcademy of Sleep
Medicine (AASM), labeling events such as respiratory events, and sleep stages in
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a process referred to as scoring. The sleep stage scoring is done by assigning a spe-
cific class to each 30-second segment (also called epochs) in the recording. The
sleep stages classes are categorized into 5 categorical values: the Wake (W) class
for wake period, the rapid eye movement category (REM) and three non-REM
stages (N1, N2, and N3) that respectively describe the depth of sleep. A product of
the PSG scoring is the creation of a hypnogram, a graphical representation tracing
the progression of sleep stages throughout the night. This visual tool, often com-
plemented by a hypnodensity graph, provides a detailed overview of the patient’s
sleep architecture, capturing transitions between sleep stages [124], [125]. Self-
applied-PSG (henceforth referred to as simply PSG), a newly designed simplified
version of traditional PSG, utilizing frontal EEG instead of the conventional Inter-
national 10-20 System, refers to a type of sleep study that the participant can set
up themselves and sleep with at home for up to three nights in the current work
[126].

One of the main drawbacks of the current scoring process is, as stated earlier
that it can be excessively time-consuming, which can cause considerable delays
in providing sleep reports to healthcare providers and consequently delay diagno-
sis [127], as well as increase the cost of healthcare considerably [128]. Adding to
this challenge, significant inter-scorer variability exists [129]; disagreements can
reach 19.3% for sleep stages [129] and 11.6% for respiratory events [130]. Delays
and disagreements such as these can have negative effects on patient outcomes,
as untreated sleep disorders can have a significantly negative impact on patient
health [131].

The advent of machine learning and other automatic scoring algorithms of-
fers a potential solution by automating the process of manual scoring, which the
AASM sees great potential in [132]. However, the development and application of
machine learning are often prohibitively technical, requiring diverse knowledge
of computer science to achieve [133], [134]. There is also a dire need for socio-
technical alignment, i.e. the multi-disciplinary collaboration between the com-
puter scientists integrating the algorithms, and the professionals working in the
context in which the algorithms are being integrated [134]. The integration of AI,
machine learning, or advanced data-driven decision-making of any kind into the
workflowmaymove the industry professionals from a generative role (creating the
outputs themselves) to the role of auditors, where they correct the output of the
algorithms, and consult with computer scientists to tweak and alter the models
to handle edge cases or incorrect generations by the algorithm [135]. Moreover,
in the rare case when socio-technical alignment is reached, trust issues often sur-
face, where the professionals working within the context that the algorithms are
integrated into, may not trust the outcomes [136], which has posed a great limita-
tion in healthcare [122], [137]. This mistrust has received limited focus in terms
of research contributions and needs to be studied further.

Machine learningmodels are often deemed a ‘black box,’ owing to their lack of



6.1. INTRODUCTION 57

transparency and the extensive technical knowledge needed to understand them.
Moreover, their incapacity to adapt to dynamically evolving requisites often leads
to their obsolescence. This has resulted in the increasing prevalence of human-
in-the-loop AI systems [138]. Human-in-the-loop AI systems allow one or more
human experts to take an active part in the training process by continuously evalu-
ating themodel and providing new inputs that are then selectively used to re-train
the model in a process called active learning [139].

To advance and modernize sleep research as well as to enable the collection
of a large-scale European sleep recording dataset, the Sleep Revolution project, a
joint venture involving 24 European partners, was initiated [126]. Each partner
contributes approximately 60 sets of three-night PSGs. Sleep technologists then
evaluate these on a shared workstation which is a part of the Sleep Revolution
high-performance cluster. After this, healthcare professionals analyze sleep pa-
rameters, which helps them to diagnose the patient. A significant objective of the
Sleep Revolution is to reduce scoring time [126]. One strategy to achieve that goal
is to direct the focus of the sleep technologists to the areas of sleep that automatic
algorithms have less ‘certainty’ of. By displaying these areas of high uncertainty,
referred to as gray areas from now on, we can specifically target the sleep tech-
nologists towards these areas, instead of unilaterally trusting or mistrusting the
automatic scoring algorithms [95].

Most of the research done on automatic sleep staging algorithms mainly fo-
cuses on the increase in model prediction accuracy or agreement. With recent
datasets mobilizing an ensemble of independent sleep technologists scoring the
same record, research on uncertainty quantification, such as gray area identifica-
tion in the domain of sleep staging, is growing [96], [129], [140]. However, the
union of sleep staging algorithms, including selectively focusing the attention of
sleep technologists using uncertainty or gray areas during sleep scoring, is a new-
born concept that needs to be assessed.s

To enable these algorithms to benefit sleep technologists in their daily work, a
system is required that bridges the gap between the data collection and the man-
ual scoring itself. To collect the data required for this work, a digital platform
was designed to handle automatically collecting, segmenting, and processing the
PSG. The concept of digital platforms takes into account that a digital platform
is both a piece of software, while it is also an intermediary that connects needs
with resources. Therefore the concept of digital platforms encompasses a larger
array than the software itself as it, in a socio-technical manner, also takes the con-
text into account. In this case, the digital platform is accessed via the users’ web
browser and is hereinafter referred to as the platform.

Computer-assisted automatic scoring with manual review has demonstrated
the ability to reduce PSG scoring time significantly, with some studies showing
improvements by factors of 1.26 to 2.41[71]. Moreover, automatic sleep scoring
algorithms can halve the scoring time [72], [73].
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Some research on the integration of automated scoring has been conducted in
the last few years, as listed in Table 6.1. Rayan et al. (2023) [24] discuss the chal-
lenges and advancements in automatic sleep scoring in the context of rodent and
human sleep research. They note limitations in handling atypical data and lack of
flexibility but also note that automatic algorithms can make the process more effi-
cient. A recent study evaluated a deep-learning-based automatic scoring software
for its accuracy and efficiency compared to manual scoring. The results indicated
a high correlation between the automatic scoring system andmanual scoring, par-
ticularly in sleep staging and the apnea-hypopnea index. The automatic scoring
system also demonstrated a significant reduction in manual scoring time, leading
to improved workflow efficiency in sleep laboratories [73]. Oxholm et al. (2021)
[74] interviewed 9 healthcare professionals and 5 patients about their attitudes
towards using data from electronic health records in an algorithm to screen for
alcohol abuse in hospitals. Professionals were mixed in their views, appreciating
the tool’s time-saving potential but concerned about losing instinctual decision-
making. While this work is only tangentially related to ourwork, the authors point
out the requirement to include healthcare professionals in the process of integrat-
ing automatic algorithms. Gerla et al (2018) [75] presented a computer-assisted
approach for sleep staging using EEG recordings andAASM2012 scoring rules, fo-
cusing on real clinical datawith artifacts andmissing electrodes, evaluating the in-
fluence of AI in clinical settings by comparing traditional manual sleep stage clas-
sification with AI-based methods, including expert-in-the-loop strategies, for the
analysis of EEG recordings in sleep studies. In a later study, Gerla et al. (2019) [76]
developed a semi-supervised method for evaluating PSG, blending expert-scored
segments with automated classification. This approach, tested on both healthy
individuals and chronic insomnia patients, showed enhanced efficiency and ac-
curacy in sleep data analysis compared to conventional manual scoring methods,
demonstrating the impactful role of AI in streamlining sleep study workflows.

6.1.1 Contributions

As is evident fromTable 6.1, existing research on automatic sleep scoring addresses
either the impact on workflow or the opinions of medical professionals on AI in
the workflow. To the best of our knowledge, no research exists that addresses the
integration of automatic sleep scoring into existing work environments which is
an important aspect to consider to achieve socio-technical alignment.

To fill this research gap, we designed both a platform and a process for evaluat-
ing the effectiveness of introducing gray areas into the work of sleep technologists
and their trust in the process. By integrating the platform featuringmachine learn-
ing algorithms into the work of sleep technologists through our empirical case
within the Sleep Revolution, we extrapolate three main contributions. Firstly, we
outline the architecture for a platform that has been designed and developed to
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Table 6.1: Comparison of contributions of this work and similar work.

Work Addresses
integration
into existing

work
environments

Addresses
impact on
workflow

Addresses
opinions of
medical

professionals
on AI in
workflow

Our work X X X
[24] X
[73] X
[74] X
[75] X
[76] X

enable the integration of automatic scoring. Secondly, we introduce the concept
of ”gray areas” as a method of selectively focusing the attention of sleep technol-
ogists on fewer areas in the PSG. Thirdly, we illustrate the decreased scoring time
and increased agreement gained by integrating the automatic scoring algorithms
into the workflow of sleep technologists. Throughout this research, and particu-
larly when analyzing the results, we realized that the phenomena we encountered
consistently and that was common to all of our results, wasmissing a clear clinical
terminology that we attempt to address in this work.

6.2 Materials and methods

PSG sharing and scoring between research centers require sophisticated architec-
tures that rest heavily on the principles of storing and processing medical data co-
hesively. The proposed platform has the main purpose of connecting needs with
resources, which in this case outlines the sharing and scoring of PSG between re-
search centers.

Themethodology is three-fold; 1) the design and development of the platform,
2) the validation of the platform, and 3) interviews with sleep technologists. The
design section covers the architecture, components, and technologies chosen to
implement the platform, the validation section covers how the platform was as-
sessed in terms of processing duration, sleep technologist speed, and agreement
improvements, and the interview section describes how sleep technologists were
interviewed for their sentiment toward integrating AI tools into the workflow.
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6.2.1 Platform design

The platform needed to be conceived in agreement with the main constraints as
having a simple user interface for sleep technologists to be able to authenticate and
upload their PSG; providing administrative oversight on uploads from different
centers; being fault-tolerant; and being scalable [141]. The platform is split into
three distinct components:

1. Web-based front-end for user uploads, administration, and dispatching of
jobs to the other components (henceforth referred to as the front end).

2. Three-night PSG splitter (henceforth referred to as the splitter).

3. Processing pipeline that augments PSGs with automatic scorings (hence-
forth referred to as the processor).

Figure 6.1 shows an overview of the platform architecture. An important fea-
ture of the platform is to allow users (e.g. sleep technologists and healthcare
professionals) to upload multiple PSGs to be shared and scored at the same time
without breaking the platform. To achieve this, the FastAPI Python web frame-
work was used, which despite its simplicity handles multi-user web applications
supporting asynchronous code [142]. The platform is protected with a user lo-
gin access in which each user is a validated member of Sleep Revolution consor-
tium[143].

Additionally, the front end handles receiving signals from both the splitter and
the processor via HTTP requests and issuing jobs to the splitter when a new PSG
is received and to the processor when a PSG has successfully been split. Splitting
is necessary when several nights’ PSG are combined into one file. The job queue
was achieved using a RabbitMQ queuing server, which is a program that allows
disparate asynchronous programs to communicate by listening and issuing mes-
sages to a queue [144]. By utilizing a message-queue protocol, the font end can
offload more time and memory-consuming projects such as generating automatic
scorings to other processes, thus reducing the probability of users experiencing
downtime, or data loss.

The processor is the final component of the architecture. Its purpose is to pre-
pare the individual night PSG by augmenting the PSG with the AI scoring, along
with the gray area scoring. The output of the processor is twofold. Firstly, the pro-
cessor prepares a ‘scoring’ version of the PSG that is augmented with predicted
sleep stages from an automatic scoring algorithm integrating gray areas and is
made available for manual scoring, and a version meant for later computer pro-
cessing and machine learning. Each component was containerized using the vir-
tualization software Docker [145] for enhanced isolation, consistency, and repro-
ducibility during deployments, which is important in sustainable and secure de-
velopment.
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Figure 6.1: Overview of the platform showing how the front end, processor, and
splitter are combined.

As introducedpreviously, the processor prepares the PSG to bemanually scored,
stored, and ready for further analysis. To reduce themanualwork of the sleep tech-
nologists, a crucial step in the processor is highlighting areas in the PSG that are
hard to score for the algorithm, i.e. gray areas. The gray area augmentation works
first by sending each one-night PSG EDF file to the trained deep learning model
aSAGA [96]. The aSAGA architecture is based on a revisited U-time architecture
for scoring and respiratory events prediction [91], [146]. TheU-time is an encoder-
decoder structure consisting of blocks of consecutive convolutional, batch normal-
ization, and pooling layers. However, in the aSAGA algorithm, a single-channel
model is used, which was first trained on PSGs’ EEG (C4-M1) and then fine-tuned
with anEOG (E1-M2) channel using self-applied PSGswith frontal setup. Thiswas
done to have generalizability between EEG and EOG channels and to increase the
compliance of the model for frontal EEG and EOG setups. The aSAGA model is
parameterized to return a hypnogram of the same length as the number of epochs
from the signal input. The model has an accuracy of 80% estimated over different
scored sleep datasets. This accuracy is on par withmanual scoring [129], however,
the gray areas fromaSAGAmodel predictionhave been validated by comparing the
match with the gray areas from predicted manual scoring uncertainty.

The second part concerns the gray areas. Using the predicted hypnodensity
from the aSAGA model as input, a trained clustering algorithm tags each epoch
that belongs to the gray areas [95]. The clustering algorithm is a multi-objective
method based on multinomial mixture models clustering the different levels of
sleep technologist agreement and summarizing the results into two sets of high-
agreement and gray area clusters. The threshold is selected according to the max-
imization of the distance between two distributions of the sleep technologist’s
agreement measure. When the algorithm receives a new hypnodensity, it out-
puts a hypnogram called aSAGA-UA with gray area. Figure 6.3b illustrate such
predicted hypnogramwhere each gray area are represented as a line discontinuity
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(a) aSAGA predicted 2 hours hypnogram. W:Wake; R: Rapid-Eye-Movement; 1, 2 and
3 are respectively for N1, N2 and N3.

(b) aSAGA-UA predicted 2 hours hypnogram with gray areas. Each discontinuity in
the hypnogram line represents a gray area. W: Wake; R: Rapid-Eye-Movement; 1, 2
and 3 are respectively for N1, N2 and N3.

Figure 6.3: Example of output 2 hours hypnograms for the n°1 PSG from 50 ×
10 PSG, obtained using the processor and rendered in Nox Medical’s Noxturnal
software for manual review.

named ”whitespace”.
Using aSAGA-UA, it becomes easier for the sleep technologists to view epochs

where the AI scoring may not be accurate, and need to be re-evaluated. In Fig-
ure 6.3a between 12:30 a.m. and 1:30 there are many transitions between Wake,
N1, N2, and REM scored by the algorithm. For the same time period in Figure
6.3b, there are many line discontinuities characterized by a whitespace symboliz-
ing gray areas. For instance, the predicted N1 and REM sleep stages in Figure 6.3a
are not present in Figure 6.3b where whitespaces are clearly visible instead. Re-
garding the high number of sleep transitions happening in a few minutes, the as-
sociated signal might be hard to interpret by the algorithm. Amanual review from
the sleep technologist is needed in that part of the hypnogram. The method has
been evaluated on a real case of uncertainty analysis of 50 PSGs manually scored
by 10 sleep technologists. We refer to this dataset as 50×10PSG.This dataset comes
from a cohort of 50 participants that have previously been scored by ten indepen-
dent sleep technologists to create a consensus scoring [95], [96]. After testing the
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clustering algorithm on predicted hypnodensities from aSAGA, the threshold sep-
arating the gray area clusters from other epochs was lowered to 0.73 according to
a sleep technologist’s recommendations. The new value avoids the creation of an
excessive amount of white spaces in the final hypnogram.

All three components were hosted on a Linux virtual machine run on a Cisco
Hyperflex high-performance compute system located at ReykjavikUniversity. The
virtual machine was equipped with 10 Intel(R) Xeon(R) Gold 6248R central pro-
cessing units, and 20 gigabytes of random access memory.

6.2.2 Sleep technologist time and consensus validation

The platform is validated with the help of three sleep technologists, referred to
from this point as SleepTechnologistOne, SleepTechnologistTwo, and SleepTech-
nologist Three (ST1, ST2 and ST3 respectively). ST1 and ST2 are experienced sleep
technologists, whereas ST3 is considered less experienced. Each sleep technologist
was asked to score a randomly selected subset of from the 50 × 10PSG. The sleep
technologists looked at multiple channels when scoring the data, using the Nox-
Turnal sleep study annotation program. The EOG channels E2 and E3 referenced
against AFz were used to track eyemovements, the EEG channels AF3, AF4, AF7,
AF8 all referenced against the average value of the eye channels E3 and E4 were
used to observe EEG activity. There were no EMG electrodes as part of the setup,
however the sleep technologists used the muscle component derived from the eye
electrodes to their aid in scoring. Each sleep technologist received half of the sub-
set scored with a default proprietary industry-standard automatic scoring and the
other half had the automatic scoring with gray areas (aSAGA-UA).We also refer to
these options as without and with AI, respectively. The partitioning of the subsets
can be seen in Table 6.2.

Table 6.2: The layout of PSGs to be scored, where X indicates default automatic
scoring and O indicates aSAGA-UA, that is aSAGA with gray areas. The numbers
correspond to specific recordings in the 50 × 10 PSG.

PSGs 1 2 3 4 5 6 7 8 9 10

ST1 X O X O X O X O X O

ST2 O X O X O X O X O X

ST3 O X X X X X O O O O

The sleep technologists were instructed to score sleep stages and arousals. The
PSGswith the default automatic scoringweremanually reviewed as sleep technol-
ogistswould normally do in a clinical setting, reviewing every epochmanually. For



64 CHAPTER 6. DATA INGESTION FRAMEWORK

the PSGswith aSAGA-UA, only the gray areasweremanually reviewedby the sleep
technologists. The standard operating proceeding follows these specific steps:

1. Start by running automatic analysis.

2. Adjust the time frame from lights out to lights on (start and stop times for
the correct analysis period).

3. Score sleep stages and arousals according to AASM version v. 3.0 [7].

4. For the aSAGA-UA scoring, after reviewing all visible gray areas, look for
possible missed epochs by searching for sleep stage scorings that contain
the word ”uncertain”, and correct them.

Each sleep technologist was asked to accurately measure the duration of the
scoring process for each PSG in their subset. Subsequently, their scoring was col-
lected and compared to the existing consensus scoring from the 50 × 10 PSG. The
scoring accuracy of the sleep technologists using the system as support was as-
sessed via Fleiss’s multi-rater [147] 𝜅 coefficient. This coefficient 𝜅 ∈ [0, 1] mea-
sures the agreement of the current sleep technologist sequence to the scoring se-
quences given by the ten sleep technologists in the consensus scoring. In the case
of samples with high agreement between sleep technologists, Fleiss’s 𝜅 coefficient
converges to 1 and 0 otherwise.

6.2.3 Interviews with sleep technologists

The perceived trust and reliability of the automated scoring systemwere evaluated
through semi-structured interviews with the three sleep technologists, following
an interview guide. These 30-minute interviews aimed to explore the sleep tech-
nologists’ confidence in the system’s output and their comfort in integrating the
system into their workflow. The sleep technologists provided feedback on the sys-
tem’s overall performance, as well as reflected on their trust in the system’s auto-
matic scoring algorithm and gray area identification. The interviews were tran-
scribed verbatim and relevant segments of the interviews were and the qualitative
data was analyzed with thematic analysis.

6.3 Results

This section is divided into three main subsections. Firstly, we present the plat-
form’s performance. Secondly, we present the performance gain in terms of both
scoring time and agreement of the sleep technologists. Thirdly, we present the
results from interviews with sleep technologists.
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6.3.1 Platform performance

Table 6.3: Samples of processing time in minutes (min) taken by each queue ac-
cording to file size in mego octets (Mo).

Splitter Processor

File Size (Mo) Processing time (min) File Size (Mo) Processing time (min)

1920 1.8 ± 0.3 640 3.4 ± 0.3

2160 2.1 ± 0.0 720 4.6 ± 0.3

2400 2.0 ± 0.0 800 4.8 ± 1.2

Table 6.3 lists the time taken by the two main components of the pipeline, the
splitter and the processor. Since the platformmust split the upload into individual
nights before further processing, the initial three-night PSG takes approximately
458.5 seconds (7.6 min) to become available for scoring, including both splitting
and processing time. However, for the subsequent PSGs, the sleep technologists
mainly perceived the processing time, which averages 336.2 seconds (5.6 min) per
PSG. The processing time for later PSGs is negligible, as the sleep technologist can
begin scoring the first file while the others are being processed. Consequently,
the processing time is optimally utilized, preventing any significant delays in the
scoring workflow. When employed in the early stages of the data collection, the
queue sizes of the splitter and processor did not grow to excessive lengths, with
the processor queue generally not exceeding the size of three pending processing
jobs.

The front end was designed to be clean and provide a structured interface to
submit both the PSG itself and information about the participant. A screen grab
of the user interface is presented in Figure 6.4.

6.3.2 Sleep technologist time and consensus validation

This section provides insights into sleep technologists’ performance when using
the AI for scoring. Each sleep technologist received an identical set of PSGs to
score, bothwith andwithout aSAGA-UA.Here, the analysis encompasses the sleep
technologist’s time efficiency and agreement metrics.

In the following section, the study results first delve into the outcomes of the
sleep technologist’s time to score. Figure 6.4 displays the scoring duration for each
of the 10 PSGs and all sleep technologists with andwithout aSAGA-UA assistance.
As seen in Fig. 6.4a, ST1 using aSAGA-UA assistance shows an average± standard
deviation scoring duration of 20.8±8 min compared to 36.8±16 min for ST2. ST1
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Figure 6.4: Front end user interface for uploading recordings.

reviews faster than ST2. This efficiency translates into an average scoring duration
reduction of 16 minutes.

Meanwhile, as seen in Figure 6.4b, when using aSAGA-UA, ST2 approximately
equaled the time of ST1. ST2 displayed a scoring duration of 26±9 min, and ST1
displayed 30±6 min, with ST2 reducing their mean scoring duration by 4 min-
utes when using aSAGA-UA. Finally, Figures 6.4a and 6.4b display ST3 having a
time of 111±26.7 min without AI. ST3, as the least experienced in this study, was
noticeably slower in scoring than the other sleep technologists. However, Figure
6.4c shows that ST3 depicted a significant decrease in the time to score, of 46±20.2
when using aSAGA-UA, or a reduction of 65 minutes.

Turning to the agreement analysis, Table 6.4 is divided into two parts; the first
half details the sleep technologist’s agreement based on the analysis of the com-
plete PSGs, while the second half assesses the agreement specifically for the gray
area epochs which the sleep technologist handled with aSAGA-UA assistance.

When the agreement was calculated based on gray areas, the sleep technol-
ogist using aSAGA-UA assistance was the only one aware of the nature of these
epochs. A steady trend in the overall agreement of sleep technologists using AI for
scoring is observed in Table 6.4. However, the agreement rating of ST3 appears to
be negatively affected by the use of aSAGA-UA assistance. This reduction is pos-
sibly attributed to a more challenging sample of associated PSGs, which generally
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Table 6.4: Fleiss’s multi-rater 𝜅 mean±standard deviation estimated on overall
hypnograms and gray areas epochs only by sleep technologists manually scoring
and using aSAGA-UA assistance.

Complete hypnogram Gray areas only

Sleep Technologist Without AI With AI Without AI With AI

ST1 0.87±0.05 0.86±0.05 0.76±0.12 0.73±0.08

ST2 0.72±0.08 0.85±0.04 0.48±0.22 0.65±0.17

ST3 0.84±0.04 0.80±0.08 0.60±0.11 0.77±0.12

achieved a lower agreement score, but this is not clear.
Figure 6.5 shows the agreement analysis of each of the three sleep technolo-

gists in this study with the 50 × 10 PSG with and without aSAGA-UA. The perfor-
mance levels of ST3, represented in Figures 6.5a and 6.5c, consistently matched
or surpassed the levels achieved by ST1 and ST2 while using the aSAGA-UA tool.
However, there is a discernible decrease in scoring agreement for the three PSGs
illustrated in Figure 6.5e when ST3 utilizes aSAGA-UA. Despite this decrease, the
performance levels of ST3 generally remained comparable to and occasionally ex-
ceeded those of ST2. Moreover, across all three figures (6.5a, 6.5c and 6.5e), the
agreement of the sleep technologists stayed consistent, indicating that the scorings
produced traditionally and using aSAGA-UA are comparable. For instance, PSGs
IDs 1, 7, 8, and 10 all display complete agreement, having been scored twice by the
sleep technologists using aSAGA-UA.

A second aspect depicted in Table 6.4 is the agreement of the sleep technolo-
gists only calculated for the gray areas on both samples (sleep technologists using
aSAGA-UA assistance and without aSAGA-UA assistance). In this table, ST2 and
ST3 got a marked increase in their agreement when using aSAGA-UA, with ST2
and ST3 gaining approximately 0.17 𝜅, but with ST1 a decrease of 0.03 𝜅 for the
gray areas.

Figures 6.5b, 6.5d and 6.5f offer the Fleiss’smultiraters 𝜅 estimated on only gray
areas per PSG ID. In this comparison, only the sleep technologist using aSAGA-
UA knew that these epochs were labeled as gray areas. As expected, in Figures
6.5b, 6.5d, and 6.5f, ST1 depicted the same stability observed previously. ST2 and
ST3 showed an increase in 𝜅 when using aSAGA-UA. The increase, however, was
less strong for ST2 who showed more agreement’s dispersion among the PSGs.
Otherwise, in Figure 6.5f, ST3’s agreement showed a significant increase for PSGs
1 and 9 compared to ST2’s agreement whichmight explain the difference in Figure
6.5e. This last result indicates that aSAGA-UA assistance may benefit a beginner
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more than an experienced sleep technologist.
In summary, all the participating sleep technologists showed a decrease in

their time to score but to a different degree. Regarding their scoring agreement,
the sleep technologists depicted three distinct results when using aSAGA-UA. The
agreement of the experienced sleep technologist with the PSG signals was not af-
fected by aSAGA-UA. On the other hand, the second experienced sleep technolo-
gist has shownmore dispersion among the PSGwith on average an increase when
using aSAGA-UA. Finally, the third, less experienced sleep technologist benefited
the most from aSAGA-UA assistance.

6.3.3 Interviews with sleep technologists

The sleep technologistswere interviewed about their experience using aSAGA-UA,
and the interview transcripts were compiled into a word cloud (Figure 6.6).

Initially, the sleep technologists approached the new system with optimism.
ST1 expressed initial enthusiasm: ”[Before starting] I was very optimistic that it
would decrease the scoring time”. All sleep technologists found it simple to inte-
grate AI scoring with gray areas into their current workflows with ST3 comment-
ing ”I do not think it is an issue at all [...] it is pretty easy to implement”.

However, as they used the new system, the sleep technologists noticed a need
for a more accurate staging algorithm, with ST1 noting ”What I saw is that the
algorithm is not good enough”. For ST1 and ST3, improved accuracy is essential
for reducing the scoring time and building trust in the new system. ST2 provided a
slightly different perspective, suggesting that the system’s staging accuracy might
already be on par with the inter-scorer agreement of human sleep technologists.

Overall, all three sleep technologists expressed in various ways that trust in AI
technology is significant for its continual adaptation into their practice. The sleep
technologists articulated the psychological impact of integrating AI staging with
gray areas into their workflows. ST2 expressed concern that the AI suggestion
might slightly shift their bias in selecting a sleep stage. ST3 spoke along simi-
lar lines: ”Maybe I had an unconscious bias to lean towards the [suggested sleep
stage]”.

Overall, the sleep technologists found the new system promising and were op-
timistic about the approach. ST3 was interested in seeing a more detailed quan-
tification of the gray area uncertainty, asking for ”the percentage of the prediction
or something like that”. However, all sleep technologists agreed that improving
the staging algorithm’s accuracy was important, as ST1 put it: ”You need to trust
the algorithm”. Their sentiments reflected a cautious optimism, recognizing the
potential benefits while anticipating enhancements in usability and trust as the
accuracy of the underlying staging algorithm improves.
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6.4 Discussion

6.4.1 Main contributions

This paper introduces an advanced web platform aimed at filling the gap of shar-
ing, processing, and storing three subsequent nights of PSG in the sleep research
field. The platform has three distinct components: a front end, a PSG splitter, and
a processor component with automatic scoring and storing of each PSG. The front
end is connected with the two subsequent parts using a flexible message-queue
protocol, preventing the front end from crashing in case of failure in the process-
ing of PSGs. The platform was tested on a set of 60 three-night PSGs files. The
average processing time of the platform ranged between 5.6 min, for an associated
file size of 1920 Mo, and 7.6 min, for a file of size 2400 Mo.

Moreover, the automatic scoring, including the gray areas implemented in the
processor component has been assessed with the help of three sleep technologists.
The predicted scores by the platform showed a decidedly positive effect on the
speed of scoring. This enhancement is achieved without significantly complicat-
ing the workflow of sleep technologists. The strategic incorporation of AI support
into their routine not only optimizes the time efficiency of scoring but also adds a
layer of precision and reliability to the process. The most experienced sleep tech-
nologists showed a high agreement on an average of 0.85 𝜅when using AI support.
This value of agreement is in line with the observed agreement obtained for other
data sets manually scored [148]. Additionally, a significant increase in both the
scoring speed and agreement was observed for the less experienced sleep technol-
ogist, suggesting that the use of automatic algorithms and gray area assistance has
the potential to bridge the gap between more experienced sleep technologists and
the less experienced ones, and thus speeding up the training of new sleep technol-
ogists.

6.4.2 Platform insights

Utilizing a message queue protocol imparted a considerable complication in im-
plementing the platform that would have been avoidable if we had instead opted
for a separate process using e.g. HTTP requests, or implemented the splitting and
processing as part of the same program as the front end. Utilizingmessage queues
in favor of more ad-hoc solutions allowed us more flexibility and scalability than
with other solutions. The need to split PSGs similarly complicated the work, since
it added a component to the process. However, the benefits gained from working
with separate nights later in the process outweighed this added complexity.

In the results part, the processor component has been evaluated over a study
composed of three sleep technologists with different experiences scoring 10 PSGs
with and without aSAGA-UA. However, the dispersion obtained in the results re-
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flected a lack of PSG required to obtain an accurate representation of the time
to score and sleep technologists’ agreement distributions. A study with a greater
number of PSGs would allow us to validate the result obtained in the presented
paper. Moreover, using aSAGA-UA, the effectiveness of the sleep technologists in
terms of scoring duration is affected differently. Their disparity may be explained
by the difference in experience with the self-applied PSG frontal signals, the base-
line speed of both sleep technologists, and the trust given to the AI-predicted
scores in the gray areas. Furthermore, a study with a higher number of PSGs and
more sleep technologists is needed to have a better estimation of the effectiveness
obtained by the use of AI as a scoring support tool.

The interviews revealed the sleep technologists’ agreement that the platform
integratedwell into their workflow, with ST3 commenting especially on the ease of
implementation. The sleep technologists did raise issues with the performance of
the scoring algorithm itself, with ST1 reporting that the scoring algorithm is ”not
good enough”. ST3 expressed some concern that the sleep stage recommendation
system was influencing their decision-making. This worry reflects the need for
trust and alignment between the sleep technologist and the algorithms, especially
in the context of healthcare AI recommendation systems. As the final sentiment
of ST3 indicates, the experts display interest in havingmore insight into the reason
why the algorithm assigned areas as gray, aligningwith the rise in demand for xAI,
reflecting a broader desire for transparency and clarity in human-in-the-loop AI
systems.

6.4.3 Clinical Acquiescence of AI

Traditional accuracy and agreementmeasures are both derived from the confusion
matrix offering an overview of the performance of the classification algorithm.
Accuracy variation across different datasets of less than 1% is considered insignif-
icant for that kind of algorithm [96], [149]. However, confusion matrix-derived
metrics such as accuracy only assess if the algorithm prediction matches the cor-
rect output. It does not guarantee that the algorithm captures a key signal pattern
related to a specific sleep stage hiding in this 1% accuracy variation. For clinical
experts, such as sleep technologists, it is crucial to ensure that key signal patterns
are correctly interpreted. If a scoring algorithmwith high accuracy and agreement
ismissing these key patterns, it becomes hard for the sleep technologist to trust the
algorithm’s prediction. To summarize, there is a need for a metric assessing the
scoring algorithm’s conformity that also assures sleep technologists’ trust in the
algorithm. Clinical acumen is a term symbolizing the ability of healthcare profes-
sionals to make quick and accurate decisions on complex issues that a clinical AI
along with a human-in-the-loop might include in the future to make a diagnosis
[150]. In this work, we would like to introduce a general term to define the act of
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accepting or agreeing to the use of AI as a decision-making tool by clinical experts:
Clinical Acquiescence.

6.4.4 Study limitations

Our research is not without limitations and below we highlight the most notable
ones. Although the web platform was architectured with the main purpose of be-
ing scalable and robust, this paper does not include an extensive scalability evalu-
ation of the web platform itself. In the current study, this was not the focus, as the
platform was tested and evaluated primarily on the improvement it could provide
in the task of scoring PSG. Futureworks could be directed toward stress-testing the
platform, evaluating the maximum number of PSG it can handle simultaneously,
and determining whether the web platform could sustain heavy traffic loads with-
out considerably slowing down or crashing. Since neither the splitter nor proces-
sor queue grew to prohibitively big lengths during testing, we did not see a reason
to implement scaling functions, nevertheless, the implementation of the system as
a whole lends itself well to dynamic scaling. The gray area threshold of 0.73 was
selected with the help of a sleep technologist, and adjusted to produce the least
number of gray areas without including blatantly incorrect algorithmic scorings.
This study does not evaluate the effect of this threshold on scorer speed or reliabil-
ity and notes that the threshold value is highly dependent on the algorithm used
to produce the scoring. Detailed sensitivity analysis would need to be performed
on the threshold value in order to evaluate its performance and create guidelines
on how to optimally determine its value. Only global metrics such as the scoring
duration and the agreement of the sleep technologists have been considered in this
paper. However, this study does not go into detail about the source of the uncer-
tainty in sleep staging between sleep technologists. For instance, it is well known
that one primary uncertainty source is the transition between the sleep stages N2
and N3 [95], [140].

6.4.5 Future work

In the future, a replication of this study needs to be performed, with a greater
number of both sleep technologists and a larger subset of PSG to gain a broader
perspective of the effects of integrating AI augmentation into the sleep technolo-
gist’s workflow, along with algorithm trust assessment.

The next step would be to loop the manual review of the gray area with the
automatic scoring algorithm. This process is referred to as active learning [139],
[151], and aligns with the AI-integrated human-in-the-loop workflow. A continu-
ous loopwould link the reviewed gray areawith the scoringAI updating themodel
and sending a new set of gray areas corresponding to the actual sleep technologist.
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Due to the modularity of the platform, it is easy to add more algorithms and
augments to the processor,making the adoption of any additional algorithmsmore
approachable without resulting in downtime or causing data loss. For example,
the BreathFinder [152] respiratory isolation algorithm is planned for addition to
the processor to allow future analysis of individual respiratory cycles. Addition-
ally, adding new destinations and output formats for the PSGs is made easy, e.g.
using amicro-scoring platformwith integratedmachine-learning capabilities, cur-
rently under development.

One possible avenue to further advance the platform is to allow researchers
to upload their custom automatic scoring algorithms to be vetted and be run au-
tonomously on test data, without ever having to gain physical or digital access to
the data, allowing for a reliable method for testing disparate algorithms on the
same datasets for greater consistency, reproducibility and transparency in future
sleep research.

6.5 Conclusion

In this work, we presented a platform that enables PSG collection, integrated with
automatic AI scoring algorithms. We evaluated the platform in terms of its effect
on sleep technologists’ time, and accuracy when scoring PSGs that incorporate
AI assistance. In our restuls, we observed a clear gap in research addressing the
integration and evaluation of automatic scoring algorithms for PSG.

The proposed platform incorporates AI assistance but still prioritizes the hu-
man expert as the ultimate decision-maker. This balance of human expertise and
AI presents a promising avenue for future advancements in the field of sleep study
and analysis, potentially leading tomore refined and accurate diagnostic practices.
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(a) Scoring duration with ST1 using pipeline aSAGA-UA
assistance.

(b) Scoring duration with ST2 using pipeline aSAGA-UA
assistance.

(c) Scoring duration with ST3 using pipeline aSAGA-UA
assistance.

Figure 6.4: Overlapped bars of scoring duration comparison of PSGwith one sleep
technologist using aSAGA-UA and the other two using the standard procedure.
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(a) Fleiss’s multiraters 𝜅 overview with
ST1 using aSAGA-UA assistance.

(b) Fleiss’s multiraters 𝜅 of only gray
area epochswith ST1 using aSAGA-UA
assistance.

(c) Fleiss’s multiraters 𝜅 overview with
ST2 using aSAGA-UA assistance.

(d) Fleiss’s multiraters 𝜅 of only gray
area epochswith ST2 using aSAGA-UA
assistance.

(e) Fleiss’s multiraters 𝜅 overview with
ST3 using aSAGA-UA assistance.

(f) Fleiss’s multiraters 𝜅 of only gray
area epochswith ST3 using aSAGA-UA
assistance.

Figure 6.5: Agreement analysis of 10 sleep technologists compared to a sleep tech-
nologist with or without aSAGA-UA assistance. The first column (a,c,e) shows
the total agreement per polysomnographs. The second column (b,d,f) shows the
agreement for gray area epochs tagged by the artificial intelligence.
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Figure 6.6: A word cloud of the interview transcripts.
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Chapter 7

World of ScoreCraft: Online
Multi-Scorer Consensus Study on
DSS in Sleep Staging

7.1 Introduction

As sleep disorders and sleep issues are extremely prevalent in society [4], [153],
[154], sleep technologists aremore important today than ever. The sleep technolo-
gist is responsible for reviewing sleep studies, or polysomnograms (PSG), andman-
ually annotating (also known as scoring) sleep stages and events such as move-
ment, arousal, and apnea [8]. Medical doctors subsequently use this analysis for
diagnosis.

A PSG is an overnight collection of biometric signals, such as various respi-
ratory signals, electrooculogram (EOG), electroencephalogram (EEG), and elec-
tromyogram (EMG), to name a few [8]. The scoring of a PSG is a time-consuming
task, which takes up to two hours to score a single eight-hour PSG [24], and can
significantly strain the sleep technologist and induce scoring fatigue. Alongside
being laborious and time-consuming, the scoring of a PSG can also vary signifi-
cantly between sleep technologists, with disagreement on sleep staging being as
high as 14% [129] and respiratory events as high as 34.6% [11], and obstructive ap-
nea severity classifications differing in 66% of cases depending on the scorer [155].

To reduce the need for a sleep technologist to set up and monitor a traditional
PSG and to eliminate the requirement to sleep in a sleep laboratory overnight, new
PSG equipment has been developed for home use. This multichannel frontal PSG
enables patients to apply the device themselves and sleep comfortably in their own
beds. These self-applied PSG devices are currently undergoing validation and a re-
cent device demonstrated a success rate of approximately 90% in enabling effective
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self-application and accurate data collection [156].
The rise of artificial intelligence (AI) has not left the scoring process behind,

with various automatic algorithms being designed to automate and speed up the
work of sleep technologists by detecting sleep stages [157] and apnea [158], [159]
to name a few tasks. These algorithms have great potential to assist in the scoring
process; however, they cannot be treated as a drop-in replacement for the human
expert since they are incapable of adapting and adjusting to the evolving standards
of care as the human experts are. They also need to be rigorously trained for differ-
ent issues that may arise in diverse application contexts and be aware of possible
biases that occur in AI based on sex, age, comorbidities, and other factors [160].

To meet the need for systems that aim to utilize AI as a tool for the human
expert instead of as a replacement, decision support systems (DSS) have been de-
signed to provide interactive tool sets to assist experts in making decisions and
solving unstructured or semi-structured tasks Sprague [161]. Garg, Adhikari, Mc-
Donald, et al. [162] found that in 64% of cases, DSS or similar systems consider-
ably impacted clinician performance. Articles on DSS have been widely written
in the field of sleep research; however, the literature covers mostly automation of
individual tasks, but does not examine the effect of the inclusion of DSS into the
workflows of sleep technologists in terms of accuracy or time taken to score sleep
recordings. Furthermore, the effects of integrating DSS and AI into sleep technol-
ogists’ workflows can provide significant advantages in terms of speed and accu-
racy, but to be integrated effectively requires building trust towards the AI [163].

Along with the aforementioned effects, an important aspect to measure is the
potential impact of the DSS in changing the behavior of the human expert or how
the professionals whose toolset is augmented with AI might, for example, become
complacent and default to the AI recommendations [164]. Complacency towards
AI can be defined as a tendency of the user to not appropriately scrutinize the re-
sults of the automated tools. The tendency towards complacency is complicated
to analyze but has been shown to be linked to the transparency of the AI system,
as well as how well the expert expects the AI to perform [165]. Another impor-
tant aspect of integrating AI is the concept of ‘clinical acquiescence,’ defined by
Holm, Jouan, Hardarson, et al. [166], which refers to the willingness to adopt AI
assistance in clinical workflows.

There is a noticeable gap in the literature on the effects of integrating DSS into
the workflows of sleep technologists. Most of the existing literature focuses on the
accuracy of the algorithms designed to automate sleep-scoring tasks [97], [166].
However, the impact assessment of such algorithms on expert performances is a
key component that is usually missing. We propose to leverage this by studying
the changes introduced by human experts whose toolsets have been augmented
with DSS. In more detail, we aim to investigate the effects of integrating AI into
the work environment.

This work investigates the effects of introducing recommendations in scoring
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sleep stages. We further measure the effects of the recommendation presentation
and correctness on the accuracy and speed of the human expert.

This study used a repeated measures design with two conditions to collect a
consensus scoring for one hour of traditional and self-applied PSG. Themain con-
ditions being researched were the effect of recommendations presence and study
type, as the objective of this study is to research the effects of recommendations
on the sleep staging process. The study also examines the effect of the type of scor-
ing recommendations (human orAI) on the scoring process, counterbalancing the
recommendations by only showing recommendations for one session of each PSG
type. Hence, 3 factors were being studied: type of sleep study, presence of rec-
ommendations, and type of recommendations. Their significance is measured in
terms of scoring accuracy or correctness and time.

7.2 Methodology

For this study, the scoring sessions were limited to a single hour (120 epochs),
chosen froma data set thatwas recorded simultaneously using traditional PSG and
self-applied PSG equipment. The hour was chosen for good-quality signals, and
the hypnogram featured multiple transitions between sleep stages. The sessions
were limited to one hour to focus on collecting a greater diversity of scorings and
to prevent scoring fatigue from affecting sleep technologists during the process.

7.2.1 Platform

The scoring collection was performed with the MicroNyx online scoring platform
[167], which allows secure online scoring of PSGs. The MicroNyx platform en-
ables measuring difficult-to-obtain features, such as the decision-making time,
change of mind, and more aspects of the scoring process. In preparation for this
study, multiple sleep technologists were recruited before the experiment to vali-
date and provide recommendations and feedback on the scoring interface and sig-
nal filtering tomeasure the impact of the newMicroNyx system on the scoring in a
Co-Design process. This was repeated several times over a few months until each
sleep technologist at Reykjavik University could reliably score with 80% consen-
sus with a pre-existing scoring, or roughly around the 86% expected agreement of
sleep technologists [129]. MicroNyx allows for the creation and the scoring of so-
called ‘scoring sessions,’ variable-length signal segments containing signals that
sleep technologists can then score for research purposes. The signals, filtering,
and data source can be customized and tailored to different research purposes.
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7.2.2 Recommendations

In 50% of epochs, participants were presented with a recommendation for a sleep
stage. The recommendation rate of 50%was chosen to provide an equal amount of
epochs with and without scoring recommendations. To investigate the presence
of any potential bias against automatic algorithms, the recommendations were
sourced from a human scoring for the PSG and self-applied PSG studies, respec-
tively. For consistency, the same sleep technologist performed the scoring for the
PSG and self-applied PSG recommendations (blinded to which recordings were
from the same participants). Despite all scoring being sourced from the same hu-
man sleep technologist, the recommendationswere either presented as being from
a human sleep technologist or an automatic AI scoring system. This is henceforth
referred to as the recommendation presentation. The ratio of human vs. AI rec-
ommendations was equal to ensure equal representation.

Both accurate and deliberately incorrect recommendations were implemented
to evaluate the influence of recommendations on scoring behavior. The rate of
incorrect recommendations was set to 20%, aligning with the inter-scorer variabil-
ity reported by Nikkonen, Somaskandhan, Korkalainen, et al. [129] and emulat-
ing the error rate of sleep technologists. To ensure realistic incorrect recommen-
dations, a sleep-stage map was developed using results from a multicentric con-
sensus scoring study [129], which identified the most common misclassifications
by sleep technologists. Figure 7.1 illustrates the most common misclassifications,
providing insight into how incorrect recommendations were designed to reflect
typical scoring disagreements.

Wake N1 N2 N3 REM

N1 N2 N3 N2 N2
Figure 7.1: Map of sleep stages to deliberate misclassification for scoring recom-
mendations.

Recommendations presented as being from humans were represented with a
scientist emoji (see Figure 7.2a). In contrast, the recommendations we presented
as being from an AI had the robot emoji, as shown in Figure 7.2b. The recom-
mendations were designed to be noticeable for sleep technologists without being
intrusive or obscuring the signals meaningfully. The post-study survey included
questions about the visibility of the recommendations to ensure that the partici-
pating sleep technologists could easily spot the recommendations and tell the dif-
ference between human and AI recommendations.
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(a) Recommendation presented to be from
a human

(b) Recommendation presented to be from
an AI

Figure 7.2: Comparison of recommendations presented as human vs artificial in-
telligence (AI)

7.2.3 Data setup

The data for this study was selected from a ‘double-setup’ dataset, where a tradi-
tional PSG recording along with a self-applied PSG setup was placed on the par-
ticipants, and the two types of PSG were recorded simultaneously [97].

The sleep technologists scored both types of PSGusing theMicroNyxweb scor-
ing interface, which supports flexible and customizable signal selection and filter-
ing. Scoring guidelines for required signals and their appropriate filtering were
followed to ensure consistency with established methodologies and software for
both traditional and self-applied PSG. This subsection is divided into two parts,
detailing the signals and filtering options for traditional PSG and self-applied PSG,
respectively.

Traditional PSG

The traditional PSG setup presented to the sleep technologists was based directly
on the AASM recommendations for scoring sleep stages, utilizing the appropriate
signals and filters as listed in the guidelines [8]. An illustration of the PSG signals
is provided below.

The signals the sleep technologists used to score the traditional PSG were the
EEG signals C4-M1, C3-M2, F4-M1, F3-M2, O1-M2, O2-M1, the EOG signals, E1-
M2, E2-M1, and the chin EMG.

The EEG signals were filtered using a 0.5–35 Hz bandpass filter. Each EOG
signal was processed through a 0.3 -35 Hz bandpass filter and sampled at 200 Hz.
The chin EMG signal was passed through a 10 Hz high-pass filter and sampled at
200 Hz.
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Figure 7.3 shows how the signals from the traditional PSG were presented to
the sleep technologists in the MicroNyx scoring interface.

Figure 7.3: The MicroNyx scoring interface displaying a traditional PSG

Self-applied PSG

The self-applied PSG signal used by the sleep technologists to score the self-applied
PSG were the EEG signals AF3-E3E4, AF4-E3E4, AF7-E3E4, AF8-E3E4 and the
EOG signals E2-AFz, E3-AFz. The EEG signals were filtered using a 0.5-35 Hz
bandpass filter and sampled at 200 Hz. The EOG signal was processed through a
0.3-35 Hz bandpass filter and sampled at 200 Hz.

Since the self-applied PSG setup did not include a traditional chin EMG, the E1
signal referenced against the E3 signal, alongwith the E2 signal referenced against
the E4 signal, were used as stand-ins for the EMG signal, with a 10 Hz high-pass
filter applied to produce left and right EMG signals, respectively.

Figure 7.4 shows how the signals from the self-applied PSG were presented to
the sleep technologists in the MicroNyx scoring interface.

7.2.4 Reference standard

After the scoring collection, a so-called reference standardwas created, amajority-
vote scoring for each epoch, which could be used to compare scorings. To have
a stable, more reliable hypnogram to compare scorings to than the single-scorer
hypnogram, the user scorings for the traditional PSG sessions that did not have rec-
ommendations present were used to create a consensus scoring referred to hence-
forth in this work as the reference standard. This was done to alleviate two major
issues. The first issue is that the single-scorer hypnogram was created on differ-
ent software and is thus not perfectly comparable to the scorings generated on the
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Figure 7.4: Self-applied polysomnography in the MicroNyx scoring interface

platform used for this study. The second issue that the reference standard solves
is that the scoring of a self-applied PSG is not as validated as a traditional PSG. By
creating a consensus scoring for the traditional PSG that can be compared against
the scorings for the self-applied PSG, the difference in the scoring of traditional
and self-applied PSG is more pronounced. This work uses the reference standard
to compare the participant scorings and the recommendations. We refer to sleep
technologists’ scorings as accurate and recommendations as correct if they respec-
tively match the reference standard. The words are not considered interchange-
able in this work since recommendations cannot be considered ‘accurate,’ as they
are not themselves scorings.

7.2.5 Recruitment of participants

The study was heavily dependent on the participation of sleep technologists. To
recruit sleep technologists as participants in the scoring collection, an email in-
vitation was sent to 49 sleep technologists affiliated with the Sleep Revolution
[126] project. In addition, the study was advertised at conferences in the Euro-
pean Respiratory Society (ERS) and the European Sleep Research Society (ESRS)
in September 2024. An invitation was also emailed to European Society of Sleep
Technologists members via a newsletter. In total, 16 sleep technologists across
Europe participated in the study.

7.2.6 Study procedure

Each technologist was instructed to complete a 10-minute (20-epoch) tutorial ses-
sion in which they were shown how to navigate the scoring interface, how recom-
mendations appeared, and how to score using theMicroNyx interface successfully.
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After the tutorial, each technologist was directed to complete two scoring sessions,
one for PSG and one for self-applied PSG, where they scored exactly one hour of
sleep data per session. After those two sessions, the sleep technologists were in-
structed to wait a week before scoring two additional sessions. The waiting time
was instructed in order to prevent familiarity with the recordings.

After successfully completing the four sessions, a link to a short post-study
survey was presented to the sleep technologists. The post-study survey aimed to
gauge how each sleep technologist perceived theMicroNyx platform for its ease of
use and ability to score sleep stages on the scoring interface. The post-study survey
questions are provided in appendix .1.

The MicroNyx platform ensured that each participant completed one tradi-
tional PSG session and one self-applied PSG session in randomized order, followed
by a one-week break, after which they repeated the process with a second pair
of sessions. Recommendations were presented in only one of the two traditional
sessions and one of the two self-applied sessions, ensuring that if recommenda-
tions were provided in the first traditional session, they would not be shown in the
second traditional session, and the same rule applied to the self-applied sessions.
Recommendations are covered in more detail in the following section.

7.2.7 Analysis

Data analysis was performed using Python and R, with tools chosen to suit the
specific requirements of each test. In Python, the Pandas library [168] was used
for data preparation and organization. For simpler single-variable analyses, the
SciPy library [169] was employed to conduct hypothesis testing through paired
T-tests, assessing significant differences in decision-making time and accuracies
under different conditions, assuming normality. When the normality assumption
was unmet, the Mann-Whitney test [170] was applied as a non-parametric alter-
native. A significance level of 𝑎𝑙𝑝ℎ𝑎 = 0.05 was used throughout. To investigate
the relationship between scoring variables and decision-making time, the R pro-
gramming language [171] and the ARTool library [172] were utilized to perform
an Aligned-Rank-Transform Analysis of Variance (ART ANOVA). ART ANOVA
was chosen for its ability to accommodate the continuous nature of the decision-
making time alongside categorical predictors such as recommendation correct-
ness, presentation style, and PSG type, which do not satisfy the assumptions of
standard ANOVA. A generalized linear model was applied to analyze scoring ac-
curacy, accounting for the binomial distribution of the dependent variable. This
approach enabled the evaluation of categorical predictors’ main effects and inter-
actions, such as recommendation correctness, presentation style, and PSG type,
while respecting the constraints of binary data.
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7.3 Results

This section presents the results of this study, including the aggregate performance
of sleep technologists when scoring traditional and self-applied PSG and the gran-
ular effects of recommendations on scoring accuracy and time. The analysis high-
lights differences between user-level and epoch-level outcomes, focusing on the
impact of recommendation correctness and presentation. Cumulatively, the 16
participating sleep technologists completed 64 scoring sessions, producing 9158
individual scorings for the total 240 epochs in the scoring sessions. To create a ref-
erence standard, a majority vote approach was taken using the scorings of the 16
participants. This was used to assign a unique label to each epoch. After using a
majority-vote system to create the reference standard, the scorings from the orig-
inal hypnogram used to source the recommendations aligned with the reference
standard with 76.23% accuracy; however, due to the intentional 20% error rate,
the agreement of the recommended sleep stages with the gold standard dropped
to 67.57% for the traditional PSG and 57.64% for the self-applied PSG.

When analyzing the decision-making time, the time per epochwas obtained by
calculating the time difference of the creation timestamps of successive scorings.
A log transformation was applied to the time-per-epoch data to remove statistical
outliers, and an interquartile range filtering with a threshold of 1.5 was used to re-
move unrealistically long decision-making times. The filtering step identified 598
outliers, with a mean time-per-epoch of 3210.6 seconds and a standard deviation
of 77646.7 seconds, indicating that the filtered values deviated significantly from
the remaining decision-making times. The remaining data used for the analysis
had a mean scoring-per-epoch time of 2.0 seconds and a standard deviation of 1.9
seconds.

7.3.1 Participants

In total, 16 sleep technologists participated in the study, successfully complet-
ing four scoring sessions. Of the 16 sleep technologists, 13 answered the post-
participation questionnaire. The questionnaire (see appendix .1) showed thatmost
sleep technologists felt confident in their ability to interpret and score signals, with
over 84% selecting 6 or 7 on the confidence scale. Two participants (7.7% each)
selected 2 or 5, indicating some variation in confidence levels. Of those who an-
swered the questionnaire, all reported that they could easily see the recommenda-
tions and that it was easy to see if they were from a human or AI. The sleep tech-
nologists were from 11 different countries: Australia, Belgium, Finland, France,
Germany, Guatemala, Iceland, Ireland, Italy, Portugal, and Spain.

Of the various recruitment methods, the invitation sent to the relevant mem-
bers of the Sleep Revolution [126] yielded six sleep technologists, and the letter
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sent to the ESST yielded five. Two sleep technologists participated after hearing
about the study from colleagues or during a talk where the study was advertised.

7.3.2 Aggregate analysis of scoring accuracy and time

To establish a baseline standard for scoring accuracy and time without the influ-
ence of recommendations, we filtered the data to exclude sessions that included
recommendations from the analysis. When comparing the scoring accuracy of
sleep technologists, 11 out of 16 technologists performed better in scoring the tra-
ditional PSG sessions than in scoring the self-applied PSG sessions (see in Figure
7.5 the accuracy achieved by each sleep technologist in both PSGs). Conversely,
five sleep technologists scored the self-applied PSG sessions more accurately than
the traditional PSG sessions. Overall, sleep technologists demonstrated a tendency
for a slightly higher accuracy when scoring the traditional PSG sessions, achieving
an accuracy rate of 85.7% compared to 81.0% for the self-applied PSG. The differ-
ence in accuracy was, however, not statistically significant (paired t-test: p=0.098,
rank-sum: p=0.15).

Figure 7.5: Sleep technologist change in accuracy between traditional and self-
applied PSG. Each line represents one sleep technologist.

The decision-making time was analyzed similarly to the scoring accuracy. For



7.3. RESULTS 87

Figure 7.6: Sleep technologist change in decision-making time between traditional
and self-applied PSG. Each line represents one sleep technologist.

the traditional PSG, the average decision-making time was found to be 2.0 sec-
onds, and for the self-applied PSG, 2.0 seconds and is displayed in Figure 7.6, not
statistically significant (paired t-test: p=0.58, rank-sum: p=0.74).

7.3.3 Epoch-Level effects of recommendations on accuracy

The sessions for both traditional and self-applied PSG were separated based on
whether or not they included recommendations, and the scorings were then com-
pared in terms of accuracy with the reference standard. The effect of correct rec-
ommendations on the overall accuracy of scorings for all scoring sessions can be
seen in the heat map in Figure 7.7. Notably, the difference between accuracies for
the self-applied PSG and the traditional PSGwasmore dramatic, with the baseline
accuracy for self-applied PSG being 81.47%, but decreasing by approximately 3.2%
to 78.26% when recommendations were present. The accuracy difference was not
statistically significant for the traditional PSG (t-test p=0.73, rank-sum p=0.73).
However, for the self-applied PSG, the difference was found to be statistically sig-
nificant (T-test p=0.006, rank-sum p=0.006).
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Figure 7.7: Effect of recommendation presence on scoring session accuracy for
traditional vs. self-applied PSG.

When studied further by separating scorings based on their recommendation
presence and correctness in Figure 7.8, the effect of correctness on recommenda-
tion becomes clearer. The baseline overall scoring accuracy on an epoch-by-epoch
basis without recommendations remained at 85.38% for the traditional PSG ses-
sions and 81.47% for the self-applied PSG sessions.

When faced with incorrect recommendations, sleep technologists assessed the
traditional PSG with an accuracy of 82.13%, which is 3.26 percentage points lower
than the baseline accuracy of 85.39% achieved when scoring the traditional PSG
without any recommendations. This effect is even more pronounced for the self-
applied PSG, with the accuracy rate decreasing from the baseline 81.47% achieved
when scoring the self-applied PSGwithout recommendations to 74.20%when faced
with incorrect recommendations, making for a 7.27% decrease in accuracy. Cor-
rect recommendations had the opposite effect on scoring accuracy, with sleep tech-
nologists achieving 90.76% accuracy when scoring traditional PSG epochs featur-
ing an accurate recommendation, resulting in a 5.37% increase in accuracy from
the baseline scoring accuracy without recommendations. This positive effect was
also observed for the self-applied PSG, where sleep technologists achieved 88% ac-
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curacy when presented with correct recommendations, up 6.53% from the 81.47%
baseline scoring accuracy for self-applied PSG without recommendations.

Figure 7.8: Effect of recommendation correctness on scoring accuracy.

The generalized linear model results can be seen in Table 7.1, which displays
odds ratio (OR) change for each change in variables from the baseline (intercept)
where the study type is a traditional PSG, the presentation is human, and the rec-
ommendation is correct. The baseline odds ratio is 8.25, meaning that when study
type, presentation, and correctness equals the baseline, the accuracy of sleep tech-
nologists is 89.18%. The presentation and study type did not affect the scoring ac-
curacy with statistical significance. However, the recommendation accuracy, on
its own, had a significant effect on the scoring accuracy, lowering the accuracy of
sleep technologists from the 89.18% baseline to 82.54%. The interaction between
presentation and study type did not significantly affect the scoring accuracy, with
AI recommendations when scoring self-applied PSG lowering the accuracy from
the baseline by 10.32% to 78.85%. The final interaction that statistically signifi-
cantly affected the scoring accuracy was for self-applied PSG when recommenda-
tions were incorrect, which lowered the scoring accuracy to 72.34%, or by 16.83%.

When plotted in a three-way line plot (see Figure 7.9), the interactions from
Table 7.1 become more clear. For both traditional and self-applied PSG, incorrect
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Table 7.1: Generalized linear model linear regression results. The three-factor in-
teraction term was included at first but was not significant. Thus, it was removed
from the model.

OR 2.5% 97.5% Significance

Intercept 10.492 7.543 14.595 *

C(Presentation)[T.AI] 1.215 0.776 1.901

C(StudyType)[T.Self-applied] 0.856 0.555 1.321

C(Correctness)[T.False] 0.379 0.244 0.588 *

C(Presentation)[T.AI]:C(Study Type)[T.Self-applied] 0.661 0.404 1.082

C(Presentation)[T.AI]:C(Correctness)[T.False] 1.062 0.654 1.723

C(StudyType)[T.Self-applied]:C(Correctness)[T.False] 0.561 0.342 0.919 *

recommendations decreased the scoring accuracy in linewith the results fromFig-
ure 7.8. However, the negative impact of incorrect recommendations was not as
dramatic for the traditional PSG as it was for the self-applied PSG. The presen-
tation of correct recommendations had a paradoxical effect on accuracy with re-
spect to the study types. For traditional PSG, human recommendations produced a
mean accuracy of 90.43%, and AI recommendations produced a mean accuracy of
93.64%. Meanwhile, for self-applied PSG, human recommendations produced an
average accuracy of 90.99%, and AI recommendations produced a mean accuracy
of 86.77%.

Figure 7.9: Three-way line plotwith grouped comparisons between effects of study
type, recommendation presentation, and recommendation correctness on scoring
accuracy.
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7.3.4 Epoch-Level effects of recommendations on
decision-making time

The effects of recommendations on decision-making time were analyzed using a
method similar to the effects on accuracy. When separated based on study type and
recommendation presence (see Figure 7.10), sleep technologists spent 1.9 seconds
scoring per epoch on averagewithout recommendations, which rose to 2.0 seconds
per epoch when scoring with recommendations. This effect was on the boundary
of statistical significance (T-test p=0.041, rank sum p=0.077).

The average time per epoch for self-applied PSG showed a similar trend, with
sleep technologists spending 2.0 seconds on average per epochwhen scoring with-
out recommendations, which rose to 2.1 seconds when recommendations were
introduced. Unlike traditional PSG, this effect was statistically significant (T-test
p=0.0036, rank-sum p=0.0039).

Figure 7.10: Effect of recommendation presence on decision-making time for tra-
ditional vs. self-applied PSG.

Similar to the scoring accuracy, this effect was clearer when scorings were sep-
arated based on recommendation correctness and presence (see Figure 7.11). For
both traditional and self-applied PSG, the sleep technologists spent 2.0 seconds
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Figure 7.11: Effect of recommendation correctness on decision-making time.

on average per epoch when not faced with any recommendations. For incorrect
recommendations, the sleep technologists spent 2.2 seconds per epoch on aver-
age for both types of PSG.When recommendations are correct, however, the aver-
age time-per-epoch decreased by 0.1 seconds for the traditional PSG; however, the
decision-making time for self-applied PSG increased by 0.1 seconds on average.

Similarly to the accuracy, ART ANOVAwas used to discover which features of
the recommendations and their interactions affected the decision-making time.
The results of the ANOVA can be seen in Table 7.2, where the significance levels
are marked with one to three asterisks, depending on the significance level. The
effect of the presentation alone was insignificant for the decision-making time,
and its interaction with the correctness and PSG type did not reach statistical sig-
nificance. PSG type was found to affect the decision-making time with statistical
significance, and its interaction with the correctness of the recommendations had
a borderline significant effect on the decision-making time. The correctness was
highly statistically significant for the decision-making time. The three-way inter-
action of the variables had a highly statistically significant effect.

The three-way interaction between study type, recommendation presentation,
and recommendation correctness revealed distinct trends in decision-making time
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Table 7.2: ART ANOVA results for presentation, study type, and correctness on
average decision-making time.

Effect Df Df.res F value Pr(>F)

Presentation 1 2150 0.257 0.612

PSG Type 1 2150 6.860 0.008 **

Correctness 1 2150 38.702 5.915e-10 ***

Presentation:PSG Type 1 2150 4.361 0.036 *

Presentation:Correctness 1 2150 0.837 0.360

PSG Type:Correctness 1 2150 0.391 0.531

Presentation:PSG Type:Correctness 1 2150 16.193 5.917e-05 ***

(Figure 7.12). For traditional PSG, for epochs featuring correct human recom-
mendations, the sleep technologists spent an average of 1.99 seconds per epoch
and 1.85 seconds for epochs featuring AI recommendations, or approximately 0.04
seconds shorter when the recommendations were presented as being fromAI. For
self-applied PSG, correct recommendations displayed a similar trend of sleep tech-
nologists taking less time on average to score epochs with AI recommendations
(2.0 seconds) vs. human recommendations (2.3 seconds).

Incorrect recommendations showed considerable increases in average decision-
making time per epoch, as stated earlier, with sleep technologists spending on av-
erage 2.9 seconds scoring epochs with an incorrect human recommendation vs.
2.2 seconds for an incorrect AI recommendation. Self-applied PSG reverses this
trend; the sleep technologists spent 2.5 seconds on incorrect human recommen-
dation epochs vs. 3.0 seconds on incorrect AI recommendations.

7.4 Discussion

The main contributions of this work are threefold:

1. We found no significant difference in the scoring accuracy between tradi-
tional and self-applied PSG.

2. We found that correct recommendations increased the scoring accuracy for
both the traditional and self-applied PSG up to approximately 90% accuracy.

3. We found no evidence for bias toward AI recommendation over Human rec-
ommendations when scoring sleep stages.
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Figure 7.12: Three-way Line plot with grouped comparisons between the effect of
study type, recommendation presentation, and recommendation correctness on
decision-making time.

The findings of this study provide strong evidence for the potential of AI and
DSS to enhance sleep stage scoring by improving accuracy and reducing decision-
making time. This work contributes significantly to integrating AI-driven and au-
tomated scoring systems into the workflows of sleep technologists, paving the way
for faster processes and more precise diagnostics.

Traditional vs. self-applied PSG

When analyzed, no evidencewas found that sleep staging accuracy differed for tra-
ditional or self-applied PSGs. While the participants were slightly more accurate
when scoring traditional PSG epochs, a likely explanation for this is that the ma-
jority of sleep technologists participating had not scored a self-applied PSG until
in this study. Along with the scoring rules for self-applied PSGs being less de-
fined than for traditional PSGs those two factors are the most likely to affect the
scoring accuracy. Our findings align with Rusanen, Korkalainen, Gretarsdottir, et
al. [97], demonstrating that self-applied PSGs can be reliably scored without ad-
ditional time or accuracy penalties compared to traditional PSGs. Furthermore,
we did not find that the baseline decision-making time differed between the study
types, suggesting that the time taken to score self-applied PSGs is not greater than
for traditional PSGs.

Scoring accuracy

The results showed that the baseline scoring accuracy without recommendations
was in line with the work of Nikkonen, Somaskandhan, Korkalainen, et al. [129],
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as sleep technologists achieved a comparable baseline agreement with the prior
work exploring the inter-scorer variability in sleep staging. Sleep technologists
weremore likely to score self-applied PSG epochs incorrectly when presentedwith
incorrect recommendations than with traditional PSG epochs. Both types of PSGs
showed reduced scoring accuracy with incorrect recommendations; however, self-
applied PSGs suffered a significantly greater decrease relative to its baseline accu-
racy, with a 7.26 percentage point drop compared to a 3.26 percentage point drop
for traditional PSGs. This discrepancy is potentially due to sleep technologists be-
ing generally less familiar with self-applied PSG signals, thus deferring the scoring
decision to the recommendations. While Rusanen, Korkalainen, Gretarsdottir, et
al. [97] found that self-applied PSGs tends to suffer from noisier signals than the
traditional PSGs or electrode placement issues, this does not apply to this study
since the scoring session periods were chosen for their signal quality.

Whether recommendations were presented as being from humans or AI had
seemingly no statistically significant effect on the accuracy, indicating a high clin-
ical acquiescence. This finding underscores the potential for seamless integration
of AI tools in clinical workflows.

These results have significant clinical implementations, as both the traditional
and self-applied PSG scoring show significant improvements in terms of accuracy
when correct recommendations are integrated into the scoring process.

Decision-making time

As Table 7.2 shows, when epochs with recommendations are analyzed, the study
type becomes a significant factor for decision time, with sleep technologists spend-
ing an average of 0.2 seconds less time scoring traditional PSG epochs. The correct-
ness was also found to be significant for the decision-making time, with sleep tech-
nologists spending 0.3 seconds longer scoring epochs with incorrect recommen-
dations for the traditional PSGs and 0.1 seconds longer for incorrect self-applied
PSG recommendations.

The interaction between study type and recommendation presentation also
influenced the decision-making time, with sleep technologists spending consid-
erably more time evaluating incorrect AI recommendations for self-applied PSGs
than similar recommendations for traditional PSGs. This disparity suggests that,
due to their familiaritywith traditional PSGs, sleep technologists couldmore swiftly
dismiss incorrect AI recommendations while dedicating additional effort to un-
derstanding incorrect human recommendations. Conversely, sleep technologists
scored incorrect human recommendations for self-applied PSGs faster thanAI rec-
ommendations. This indicates that while technologists were more inclined to de-
fer to human recommendations, they subjected AI recommendations to greater
scrutiny, reflecting a nuanced approach to clinical acquiescence in the context of
novel applications.
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The clinical implications for these findings are significant as the reduction in
time observed in our results was 0.3 seconds for the traditional PSG epoch, or ap-
proximately 13% of themean decision-making time, meaning that if an eight-hour
PSG is scored in two hours, with recommendations, the scoring time will become
approximately 103minutes or a 17minute gain in time. However, this gain in scor-
ing time is not observed to such a degree for the self-applied PSG epochs, with the
time reduction being 0.1 seconds on average, resulting in a 4% speed up, resulting
in a scoring time of 114 minutes or a gain of five minutes.

Study limitations

Despite the promising contributions, the study has several notable limitations.
First, the scoring sessions were limited to one hour, or 120 epochs, to reduce par-
ticipant burden. While practical, this time restriction resulted in a relatively small
representation of sleep stages, which may limit the applicability of the findings
to full-night studies. Additionally, the one-hour duration was not designed to ob-
serve fatigue-related effects that might influence scoring accuracy over extended
periods, of interest for future studies, as well as whether scoring is affected by
the time of day it is being performed. Second, although the participant pool of
16 sleep technologists provided valuable insights, a larger sample size would be
required to ensure statistical power and capture a more comprehensive range of
inter-individual variability. While the diversity of participants is a strength, the
relatively small number limits the generalizability of some conclusions.

7.5 Conclusion

This study demonstrates that decision support systems have significant potential
to affect the scoring accuracy and speed of sleep technologists positively. How-
ever, while correct recommendations can make the scoring process more accu-
rate and time-efficient, incorrect recommendations will likely have the opposite
effect. Our findings emphasize the critical need for the reliability and correct-
ness of the systems integrated into the workflows of sleep technologists. Addi-
tionally, this study provides valuable insights for further research into decision
support systems and implementing human-in-the-loop software that incorporates
AI into sleep medicine.

Future research should focus on expanding the integration of AI in sleep diag-
nostics, exploring its application across diverse scoring tasks, and developing sys-
tems that empower human experts to deliver more accurate and reliable patient
care in less time than currently required. The insights gained from this study pave
the way for AI-driven innovations that could revolutionize sleep medicine and
enhance patient outcomes. Future research should also examine the long-term
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effects of AI integration in the scoring process, specifically whether prolonged ex-
posure to AI influences sleep technologists’ scoring behaviors or decision-making
habits. Future research could involve longer scoring periods or multiple shorter
sessions to address the current limitation of insufficient sleep stage variety, in-
corporating more diverse and representative sleep segments. Furthermore, given
time to adjust and learn to recognize the scoring patterns of the recommenda-
tions, the positive effect observed for both scoring accuracy and decision-making
time could theoretically increase, however that requires study to confirm. Finally,
incorporating information on AI uncertainty can increase the DSS’s transparency,
increasing the trust and clinical acquiescence of the automatic assistance provided
to sleep technologists.

This study underscores the need for the accuracy and reliability of DSS tools
when incorporated into the scoring process, as incorrect recommendations were
shown to impact sleep technologists’ accuracy and decision-making time nega-
tively. Furthermore, the results gathered in this study suggest that take-home PSG
solutions do not suffer from reduced accuracy in sleep scoring compared to tradi-
tional PSG. However, our findings underscore the risks of over-reliance on AI rec-
ommendations, particularly in self-applied PSGwhen incorrect recommendations
are involved. If not carefully managed, such reliance can result in systematic er-
rors, potentially compromising diagnostic reliability. To address these challenges,
regular calibration and retraining of AI systems and enhanced training for sleep
technologists to effectively collaborate with AI are crucial for mitigating risks and
ensuring balanced, reliable outcomes.
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Chapter 8

Discussion

”We cannot achieve victory through strength of arms,” said Gandalf. ”But by
endurance, by persistence, and by faith in what lies beyond our sight.”

—J.R.R. Tolkien, The Two Towers

This chapter summarizes the key findings of the work comprising the four re-
search chapters in the thesis. It outlines their contributions to further applications
in research and practice before covering the limitations of the research conducted
as a part of this thesis before finally presenting a forward-looking statement on
integrating AI into the workplace.

The first area of research this thesis contributes to is adaptive segmentation
within sleep research, with chapter 4 contributing to the design and development
of an open-source algorithm designed to locate individual breaths within a respi-
ratory signal. Chapter 4 additionally presents a novel way of analyzing the perfor-
mance of similar algorithms and provides a rigorous validation of the algorithm.
Unlike previous work, which often lacked systematic validation of the proposed
algorithms [39], [44], our work includes a rigorous evaluation undermultiple con-
ditions. The key takeaways from chapter 4 are the design and implementation of a
respiratory cycle isolation algorithm performing at a 94% accuracy. Furthermore,
the work concludes by highlighting the need for similar algorithms to be validated
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against not only a large amount of data but also data that contains events that
might impact the performance or quality of the algorithm’s output.

Secondly, this thesis adds to the study of explainable AI in sleep research, par-
ticularly in the study of respiration and its mechanics, with chapter 5 describing
the training and analysis of a variational autoencoder on respiratory data, utilizing
the BreathFinder algorithm to contextualize the respiratory system to its mechan-
ical basis. Existing works focused mainly on applying AI to fixed-length segments
[58], [62], while our work leverages the context of the respiratory system for in-
creasedmodel efficiency and explainability. The key takeaways from chapter 5 are
that when designing AI models for healthcare applications, immense complexity
can be traded off for placing the data in its logical or physiological context (e.g.,
analyzing respiration based on individual respiratory cycles), it further underlines
that the process of respiration is complex and varied, to a degreewhere even placed
in its rightful context, is not trivial for AI to classify events such as obstructive ap-
nea or paradoxical breathing, emphasizing the need to develop AI as a tool in the
toolbox of medical experts, rather than a drop-in replacement for the medical pro-
fessional.

Thirdly, chapter 6 iterates on the contributions of the previous chapters by
proposing a robust data ingestion pipeline, which addresses the challenge of cre-
ating and processing AI-ready datasets for healthcare, enabling further research.
Additionally, chapter 6 demonstrates the challenges of integrating AI into the
workflows of sleep technologists. While prior work has highlighted the potential
of automated pipelines to streamline clinical workflows [73], challenges remain
in scaling these systems for multicentric data ingestion across geographically dis-
persed centers [126]. Our pipeline bridges this gap, providing not only scalabil-
ity but also automatic augmentation with AI scoring to reduce manual workload
Building on findings by Oxholm et al. [74], our pipeline incorporates analysis into
the trust and opinions of sleep technologists to balance automationwith oversight,
ensuring clinical adoption without compromising trust in the data. The key take-
aways of chapter 6 are that to maintain and compose AI-ready datasets, great care
must be put into data collection and curation methodologies to ensure the scala-
bility and replicability of research. One such approach is to have a standardized
data ingestion pipeline that handles the process and backing up of the data. Fur-
thermore, this chapter outlines the benefits AI can bring in terms of speed and
accuracy of sleep technologists when integrated into the scoring process.

Finally, chapter 7 extends further the work in chapter 6 by utilizing novel re-
search methodologies to analyze the scoring habits of sleep technologists when
faced with recommendations in the scoring workflows. Unlike prior DSS [72],
[92], our research goes further and explores the effects of AI incorrectness, as well
as probes for biases for or against human vs. AI recommendations. The key take-
aways of chapter 7 are that scoring recommendations in the sleep staging process
can positively affect the accuracy of sleep technologists. However, inaccurate rec-
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ommendations are likely to result in a loss of accuracy. Furthermore, a key take-
away from the results of chapter 7 is that the participant sleep technologists were
not found to display a bias for human recommendations. This finding suggested
that sleep technologists can trust automated scoring systems sufficiently for their
integration into the scoring process.

8.1 A unified view of AI in the field of sleep research

As presented in chapter 1, this thesis has three main areas of focus, or overarch-
ing concepts and contexts that touch on AI in sleep research and medicine, and
this thesis is centered around. These areas are covered in the following subsec-
tions. Figure 8.1 provides a graphical explanation of the structure of this thesis,
with the central circle representing the overarching focus, the three larger circles
denoting themain thematic areas, and the smaller circles highlighting the specific
contributions within each area.

Designing AI 
with physiological

context for 
explainability

Standardizing and 
preparing data 
pipelines for AI

Enhancing clinical 
decision-making with 

human-in-the-loop 
AI

AI in sleep
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Diagnostics
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Fast adoption 
of new AI

technologies

AI model
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research
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and actionable AI

Fully managed
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Managed and
consistent data

collection

Enable fine-
grained 
analysis

Figure 8.1: The main focus areas of this thesis and their major contribution to-
wards the central focus of AI in sleep research and medicine.
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8.1.1 Designing AI with logical and physiological context

Chapters 4 and 5 demonstrate the goal of creating explainable AI. This involves
designing AI that provides clear and intuitive explanations for its decisions rather
than relying on black-box decision-making processes. Our results indicate that ap-
plying AI to data within its logical context enhances the models’ predictive power
andmakes themodelmore explainable and intuitive for human experts. These im-
provements occur without requiring more extensive and complex model sizes or
architectures. Explainable AI plays a crucial role in integrating AI into the work-
flows of sleep researchers and technologists. Transparent AI models enable in-
formed decision-making essential for accurate patient diagnostics.

8.1.2 Standardizing and preparing data pipelines for AI

Projects that include data collection can ensure a standardized and replicable pro-
cess by designing and implementing AI-enabled data ingestion pipelines such as
the one described in chapter 6. Data pipelines allow institutions and projects to
ingest more data, using tools that scale efficiently with more data sources with-
out incurring greater workloads for those managing the data. Data pipelines can
also increase the consistency and quality of data by integrating features that check
for missing or invalid data. If implemented effectively, data pipelines can also en-
able the integration of diverse data sources into new or existing data sets without
incurring the logistical challenges of manually combining heterogeneous data.

8.1.3 Enhancing clinical decision making with
human-in-the-loop AI

By integrating AI and DSS directly into the work processes of sleep technologists,
numerous benefits can be reaped, such as providing faster diagnostics to patients
by accelerating the scoring process, either by selectively focusing the attention of
sleep technologists using gray areas or speeding up the decision-making process
using AI recommendations. AI as an assistant also has the potential to increase
the consistency of sleep staging and the agreement between sleep technologists by
providing reliable data-driven recommendations. Our findings also indicate that
AI can be a powerful tool in the training and onboarding of new or inexperienced
sleep technologists, bridging the gap of experience and helping new sleep technol-
ogists enter the workforce smoothly.

8.1.4 Synthesis of the thesis

The areas of focus described in section 8.1.1 and section 8.1.2 contribute tomethod-
ologies that promote faster adoption of new AI technologies by ensuring that AI



8.2. TOWARDS THEORETICAL APPLICATIONS IN THE FIELD OF
INTEGRATION AND APPLICATION OF AI IN THE CLINIC 103

can be integrated smoothly into the workflows of sleep technologists. Sections
8.1.1 and 8.1.3 add to the literature of increased explainability of AI and means to
make the AI outputs actionable by integrating the models directly into the scor-
ing process in the forms of DSS. Finally, sections 8.1.3 and 8.1.2 come together as
fully integrated solutions that handle the entire lifecycle of the PSG, from the col-
lection stage to the automatic AI augmentation and ultimately at the hands of the
human sleep technologists who remain as the chief decision-makers in the clinical
process.

Cumulatively, the chapters paint a larger picture of a top-to-bottom view of the
lifecycle of AI in sleep, from designing solutions to curate and prepare data (Chap-
ter 4) to the design of explainable AI (Chapter 5), to describing tools designed to
integrate and enable AI in the workflow (Chapter 6) and finally with a more de-
tailed view into how the AI we integrate affect those that work directly with it.

8.2 Towards theoretical applications in the field of
integration and application of AI in the clinic

The work described in this thesis has multiple contributions to sleep research,
ranging from data collection and preparation to the training and implementation
of AImodels. Together, chapters 4, 5, 6, and 7 provide a comprehensive framework
for integrating AI into sleep research.

Chapter 4 contributes a unique adaptive segmentation algorithm capable of
automatically locating individual breaths in a thoracic RIP signal. Segmenting
a PSG on a breath-by-breath basis enables varied research into sleep-disordered
breathing, where the respiratory system can be analyzed inmore detail. Providing
a logical segmentation for respiratory data can lead to unique insights into the
mechanics of breathing that traditional analyses on fixed-length segments would
otherwise miss.

The methodology employed in chapter 5 to preprocess the variable-length res-
piratory data into an AI-compatible format has the potential for application for
other adaptive segmentation such as for EEG signals [27]. Furthermore, our re-
sults indicate that contextualizing signal data can increase the explainability of AI
models and offload the task of learning the context from the data, allowing the
models to focus on capturing the interplay and mechanics of signals.

Chapter 6 provides a framework for large-scale data collection for collaborat-
ing researchers and institutions across the earth. Alongside unparalleled collabo-
rative opportunities, the work in Chapter 6 can be extended to serve as a research
platform for benchmarking and testing AI models and analyzing their effects on
sleep technologists’ scoring accuracy and speed.

Chapter 7 boasts a novel technology that can potentially be utilized for fur-
ther research into sleep and the scoring habits of sleep technologists. Utilizing
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remote scoring platforms such as MicroNyx to collect consensus scorings or to
employ sleep technologists to provide niche scorings exposes opportunities to an-
alyze sleep on a level of granularity hitherto impossible.

8.3 Towards practical applications in the field of
integration and application of AI in the clinic

Ourworkhasmade significant contributions to research applications and the prac-
tical use of AI in the clinic, ranging from data collection and processing to insights
on howAI can successfully be integrated into the workflows of sleep technologists
to provide faster and more accurate diagnostics.

Chapter 4 describes an open-source algorithm capable of detecting individual
breaths in RIP signals, possibly exposing novel diagnostic workflows for respira-
tory conditions.

Chapter 5 highlights how contextual AImodeling can improve interpretability
and uncover latent patterns in complex data, paving theway for advanced diagnos-
tic tools. Our findings suggest contextualizing AImodels can lead to smaller, more
cost-efficient models without sacrificing predictive power. Contextualizing data
can also improve explainability, enabling more informed decision-making when
interpreting the outputs of the AI.

Chapter 6 demonstrates the importance of robust data ingestion pipelines, pro-
viding a scalable solution for preparing AI-ready datasets that support diverse re-
search opportunities. Similar to those described in this chapter, such pipelines can
provide reliable, automatic pipelines for ingesting, processing, backing up, and
scoring PSG in the clinical setting. Additionally, managed processing pipelines
enable the adoption and integration of new AI and automated scoring technolo-
gies. IntegratingAI into theworkflows of sleep technologists showed the potential
to considerably accelerate the scoring process and improve the scoring agreement
between sleep technologists, thus potentially increasing efficiency and reducing
workload, thus increasing the capacity for care at healthcare institutions without
sacrificing quality or employee well-being. This effect is particularly pronounced
for less-experienced sleep technologists, achieving both agreement and scoring
times comparable to veteran sleep technologists when using AI assistance.

Finally, the findings from Chapter 7 emphasize the impact of AI-assisted scor-
ing on clinician accuracy, underscoring the importance of designing solutions that
enhance the human expert rather than replacing them. Furthermore, remote scor-
ing platforms such as MicroNyx can securely employ sleep technologists world-
wide, reducing the need for in-laboratory staff. Our findings suggest that DSS can
significantly increase the scoring accuracy of sleep technologists who, according
to our findings, have no issue working in settings where AI assists in the scoring
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process. Remote scoring platforms can democratize access to expert sleep analysis,
particularly for underserved regions.

8.4 Beyond sleep research

The contributions introduced in this work have the potential to impact fields other
than sleep research, such as sports science, where research into respiration can
provide research opportunities on the link between respiration and performance
[173], as well as enable efficient real-timemonitoring of respiration in non-clinical
settings. Standardized pipelines can streamline the integration of remotely col-
lected data in telemedicine, ensuring consistency in settings where clinical over-
sight is impossible [174]. Data collection is a task not unique to sleep research,
and projects in various fields across academia can gain valuable insights on data
collection and AI integration from chapter 6. Studies into the EEG signal in fields
outside of sleep research and medicine may also find value in the contributions,
particularly in chapter 7, where remote platforms can be utilized to employ experts
worldwide for data analysis and manual annotation or remote monitoring [175].
Logical segmentation, or adaptive segmentation, was initially proposed for EEG
data [27] and inspired much of the work done in this thesis. Still, adaptive seg-
mentation could have broader applications than sleep research, such as for ECG
or EEG analysis in studies of neurological or cardiovascular disorders.

8.5 Limitations

Although this work represents a collection of vital contributions towards AI in
sleep medicine, it has some notable limitations. The first and most prominent
limitation is that chapters 6 and 7 suffer from a low sample size of sleep technolo-
gists participating in the data collection. Unfortunately, this is a possible symptom
of the high workloads of sleep technologists, who cannot find time in their busy
schedules to participate in time-consuming research. A step towards mitigating
this limitation in future works is offering compensation, longer participation win-
dows, or more comprehensive advertising, to name a few strategies.

Another limitation is that while chapter 7 provides a comprehensive analy-
sis of scoring patterns, the limited amount of signal data used for the study does
not give a generalizable view of the scoring patterns, whereas a longer scoring
window might provide insights into phenomena such as scoring fatigue. The rel-
atively short hour-scoring period was a design decision for this work. However,
future studies could repeat the experiment with extended scoring periods, using
dedicated staff as participants. However, longer scoring periods may necessarily
lead to lower participant numbers due to the high workloads of sleep technolo-
gists.
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While chapter 5 advances the literature on the explainability of AI in sleep re-
search, the overlap of events across clusters was significant, potentially reducing
explainability due to the substantial spread of respiratory events across clusters.
A possible solution to this limitation is training a classifier in parallel to assign
labels such as apnea or movement events to the breaths in the latent space of the
VAE, including the accuracy of the classifier in the loss function of the VAE itself,
thus forcing the VAE to learn to separate the breaths more efficiently in the latent
space. This method was not employed for this work since the aim was to provide
a view into how AI interpreted and understood the respiratory system. In its re-
constructions, the VAE tended not to include the higher-frequency components
of the input signals in its output. This high-frequency data may theoretically in-
clude physiological or pathophysiological information but was not represented in
the VAE output either due to the VAE learning to ignore it or due to the deisgn
limitations of the model.

Although this thesis gives a comprehensive view of the integration of AI into
sleep research, it does not cover the validation and verification of the AI models
themselves, a vital part of ensuring correctness and thus increasing the likelihood
of reaping the positive benefits of AI highlighted in this work. Addressing any of
the limitations in this section in future studies could provide a more comprehen-
sive and generalizable understanding of scoring patterns and fatigue, ultimately
leading to better integration of AI into clinical workflows.



Chapter 9

Conclusion

”I am glad you are here with me. Here at the end of all things, Sam.”

—J.R.R. Tolkien, The Return of the King

This thesis covers the work and contributions to the field of study of integrat-
ing AI in sleep research and medicine. Integrating AI into any healthcare setting
faces many challenges, such as heterogeneity of data, lack of transparency of the
AI, high requirements for trust from patients and healthcare professionals, and
logistical issues with its integration. Lack of explainability of AI solutions can
negatively affect the trust of sleep technologists in them [23], and a lack of trust
in the AI may lead to the sleep technologists refusing to engage with it, negating
its potential benefit [78]. This thesis tackles these problems by approaching them
from three main areas of focus:

1. Increasing AI explainability by designing models to analyze signal data in
logically physiological contexts.

2. Creating standardized and scalable AI-enabled data pipelines.

3. Enhancing clinical workflows with human-in-the-loop AI solutions.
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Chapter 1 introduced the background and clarified the context this thesis ex-
ists in. Chapter 2 explored related work and positions this thesis amongst the ex-
isting body of research. Chapters 4 through 7 contain this thesis’s four publica-
tions. Chapter 8 outlines the main findings of the publications and relates them
to the research questions introduced in chapter 1. This chapter seeks to conclude
the thesis, presenting themain contributions and concluding in a forward-looking
statement.

This thesis takes a holistic approach to AI integration in sleep, spanning algo-
rithmdesign, data processing,model design, and clinical integration. The research
conducted as part of this thesis paves the way for broader AI adoption in health-
care by providing tools to handle data from various stages of the PSG lifecycle.
Our findings demonstrated improvements in efficiency, trust and accuracy from
integrating AI tools into the workflows of sleep technologists.

9.1 Main Contributions

This thesis presents contributions toward facilitating the adoption of AI in sleep
medicine by designing solutions that address challenges in data pipelines and en-
hance clinical decision-making. These goals were formulated as the three main
questions, first outlined in section 1.1. Each question is addressed through specific
chapters, outlining the contributions to advancing AI adoption in sleep medicine.

• RQ1: What could a fully-managed PSG ecosystem look like? Addressed in
Chapters 4, 6, and 7, with specific emphasis on theAI-enabled data ingestion
pipelines and decision support DSS. Together, these contributions outline
the core components of a fully managed PSG ecosystem.

• RQ2: Howdoes one successfully integrateAI into sleep research or sleepmedicine
workflows? Contributed to by all chapters, particularly Chapters 5 and 7, by
demonstrating the importance of explainability, intuitiveness, and the inte-
gration of human expertise. From interpretable AI models (Chapter 5) to
the role of DSS in keeping humans as the final decision-makers (Chapter 7),
these works provide insights into successful AI integration.

• RQ3: What are the effects of integrating AI into the scoring process? Explored
in detail in Chapters 6 and 7, focusing on the significant improvements in
scoring accuracy and efficiency brought by AI augmentation and the chal-
lenges posed by incorrect recommendations.

Our findings from chapters 4, 5, 6, and 7 have allowed us to address these ques-
tions, either on their own or collaboratively. In Chapter 4, we discuss the design
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and development of a novel respiratory cycle isolation algorithm and carefully val-
idate it against a set of hand-labeled respiratory cycles. The algorithmperforms ex-
cellently, achieving 94% accuracy on the hand-labeled data. Our findings provide
significant contributions to the field of adaptive segmentation in respiratory data.
ForAI to be responsibly integrated into the clinician or researcherworkflows, a de-
gree of explainability and intuitiveness is required. Algorithms that segment data
into its logical contexts have the potential to increase the interpretability and in-
tuitiveness of algorithms that are trained on or make decisions on the basis of that
context. This work addresses RQ1 since, as our findings from chapter 5 suggest,
automatic methods to contextualize data are vital to include in PSG ecosystems
that intend to incorporate explainable AI into the workflow.

Chapter 5 covers our work in implementing and training a VAEmodel on res-
piratory data extracted and prepared using the BreathFinder algorithm introduced
in chapter 4. Despite significant compression, we found that the VAE could still
broadly accurately reconstruct the respiratory cycles, despite filtering out some of
the high-frequency elements of the signals. Furthermore, we found that respira-
tory events clustered together in the latent space to a varying degree. This work
provides a glimpse into the understanding of the respiratory systemona breath-by-
breath basis, as seen by an unsupervised AImodel. The analysis and study of such
models can potentially improve our understanding of these systems and increase
AI explainability. This work addresses RQ2, as explainability and intuitiveness are
paramount to successfully integrate AI into the clinical process.

Chapter 6 describes the work done in the implementation and analysis of an
AI-enabled data ingestion pipeline and analysis of how AI augmentation affects
the scoring process of sleep technologists. In addition, we propose a new term
for the willingness to accept AI into the workflows of sleep technologists, ‘clinical
acuity.’ We found that AI augmentation has the potential to shorten the scoring
process by up to 65minutes in one case. This work represents an important contri-
bution toward the basis of a fully managed PSG ecosystem by enabling consistent
and reproducible data ingestion and processing. This work addresses RQ1 as data
ingestion pipelines are the logical entry points for PSG data into the ecosystem.
RQ2 is also answered in this work, as successfully integrating AI into the sleep re-
search or medicine workflows demands the consistent linear processes pipelines
can provide. Finally, this work touches on RQ3, as we find from our analysis that
AI in the workflow can significantly speed up scoring time and improve accuracy.

Chapter 7 delves into our research on DSS as a scoring aide. Similarly to our
work in 6, we analyzed the effects of including recommendations in the scoring
system, except to a much more granular level than in the previous work. In ad-
dition, we analyzed both the effects recommendations had when presented by a
human vs. an AI and the difference between correct and incorrect recommenda-
tions. Our findings indicate that correct recommendations can have a significant
positive effect on scoring accuracy and decision-making time, while incorrect rec-
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ommendations have a significant adverse effect on scoring accuracy. Our findings
indicated no inherent bias for or against human recommendations over AI ones,
indicating a high level of clinical acuity towards AI in the scoring process. This
work contributes towards a fuller image of the fully-managed PSG ecosystem by
presenting the PSG to human experts for final decision-making, including the hu-
man back in the scoring loop. This work addresses all three research questions,
as DSS can act as a bridge between the AI and the human experts, serving as the
last link of a chain that starts with the data ingestion pipelines covered in chapter
6 (RQ1), Furthermore, we conclude in chapter 7 that to successfully integrate AI
into the sleep scoring process, the human expert must be kept in the loop as the
final decision-maker. Finally, our findings suggest that AI in the role of a DSS can
significantly improve the scoring accuracy of sleep technologists (RQ3).

9.2 Future work

Future work enabled or exposed by this work is varied, touching on many aspects
of sleep research and medicine.

Adaptive segmentation approaches have the strength of leveraging the physi-
ological phases of various biological signals to segment data into logical periods.
While this work mainly targeted respiratory signals, a wide variety of contexts are
liable to gain frommethodologies similar to those applied in chapter 4 such as re-
search into muscle activity on the EMG signals, heart activity on the ECG signal,
or apnea research on desaturations in the oxygen signals to name a few.

Our findings in chapter 5 suggest that further research into the respiratory sys-
temon a breath-by-breath basis iswarranted. Furthermore, we believe that further
research into the application of AI on adaptively segmented data may reveal op-
portunities for simpler and more explainable model designs for a diverse range of
signal data such as EEG, EMG, ECG, or other respiratory data.

Data platforms in sleep research and medicine are powerful tools with wide-
ranging potential. Our findings suggest that data platforms can serve an essential
role in the collection and processing of data. Future endeavors towards data plat-
forms in healthcaremay find opportunities inmore diverse data collection scenar-
ios, such as recording fitness evaluations, collecting brainwave data for cognitive
research, or ingesting and integrating genome data to name a few possibilities.
Research into data platforms and pipelines also enables further research into the
automatic integration of AI.

Our findings indicate thatDSS can greatly influence scoring time and accuracy.
Subsequent research opportunities thiswork exposes could include active learning
applications where the human expert corrections are used to train the model in
an active learning approach. Other avenues of investigation exposed are further
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investigations into how explanations of theAI’s decision-making affect the clinical
acquiescence of the models in the workflow.

Finally, it is the opinion of the authors of this thesis that any future attempt to
integrate AI into sleep medicine, or any field within healthcare, should have as its
primary goal not to replace the human element but rather to uplift it.
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Appendix A

Appendices

.1 ScoreCraft Study Completion Questionnaire

Participant Information

1. What is your name?
(We will not use your personal identity for any analysis or publication, and it
will remain completely confidential.)
Answer: _______________________________

2. What is your email?
(If this is not prefilled, please use the same email youused to log intoMicroNyx.)
Answer: _______________________________

3. Where are you working?
(Center, City, Country)
Answer: _______________________________

Study Awareness

1. I heard about this study from:

• The invitation email sent to the Sleep Revolution.
• The talk held by Dr. Erna Sif Arnardóttir at the Sleep Europe confer-
ence.

• The talk held by Dr. Erna Sif Arnardóttir at the ERS conference.
• Email sent to the members of the ESST.
• Other: _____________________
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2. Are you part of the Sleep Revolution?

• Yes
• No

User Experience

This section of the questionnaire is designed to gain insight into the ease of use of the
MicroNyx platform.

1. The system was easy to use.
Strongly Disagree 1 2 3 4 5 6 7 Strongly Agree

2. I felt that I could reliably read, interpret, and score the signals in the
interface.
Strongly Disagree 1 2 3 4 5 6 7 Strongly Agree

3. The scoring recommendations were easy to see.
Strongly Disagree 1 2 3 4 5 6 7 Strongly Agree

4. It was clear which scoring recommendations were from a human,
and which were from an AI.
Strongly Disagree 1 2 3 4 5 6 7 Strongly Agree

5. I felt the recommendations were helpful when scoring.
Strongly Disagree 1 2 3 4 5 6 7 Strongly Agree

Additional Feedback

If you have any further comments, please write them here. We are very
happy to hear your feedback.
Answer: _______________________________
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