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Abstract

Sleep Signal Processing for
Disordered Breathing Event Detection and
Severity Estimation

Brian R. Snider

Doctor of Philosophy
Center for Spoken Language Understanding
within the Oregon Health & Science University
School of Medicine

August 2020
Thesis Advisor: Alexander Kain, Ph. D.

Sleep-disordered breathing (SDB) is recognized as a widespread, under-diagnosed condition
associated with many detrimental health problems. The condition places a significant burden
on the individual and the healthcare system alike, with untreated SDB patients utilizing national
health resources at twice the usual rate. The most common form of SDB is obstructive sleep apnea,
characterized by frequent transient reductions of oxygen saturation, cessations of ventilatory
airflow, and collapse or obstruction of the upper airway. Other forms of SDB include hypopnea,
characterized by a reduction of ventilatory airflow; central apnea, with a cessation of ventilatory
effort and airflow; and mixed apnea, a combination of central and obstructive apnea.

The current gold standard for diagnosis of sleep-disordered breathing is a full-night sleep
study, or polysomnography. This overnight procedure takes place in a sleep laboratory and is ob-
trusive, typically recording twelve or more physiological processes (including electroencephalog-
raphy, electrocardiography, electrooculography, electromyography, blood oxygen saturation, and
oronasal airflow) requiring 22-40 sensor leads to be attached to the patient. Scoring of study
results is time-consuming and expensive, as an entire full-night study must be manually assessed

by a registered polysomnography technician, then reviewed by a board-certified sleep medicine
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physician to determine a diagnosis. Moreover, studies show that patients sleep differently at a
hospital or clinic than at home. Some at-home polysomnography systems exist, but these still
require sensor attachments (e. g., face mask to measure airflow) and a degree of training to operate.

We determine that a machine learning-based system can detect individual sleep-disordered
breathing events with an acceptable level of inter-rater reliability with human experts, and predict
overall sleep-disordered breathing severity with a strong correlation to the clinically-derived
apnea-hypopnea index. In this work, we present three approaches: (i) an algorithmic rule-based
approach for disordered breathing event detection and severity estimation based on American
Academy of Sleep Medicine event scoring criteria; (ii) a two-stage hidden Markov model-based
approach for ventilatory cycle tracking and disordered breathing event detection; and (iii) a deep
neural network (DNN)-based approach for disordered breathing event detection and severity
estimation. Our three approaches explore a continuum that varies from most aligned with
established clinical practices and informed by human expertise—the rule-based system—to fully
automated with discriminating features learned by the machinery—the DNN-based system.

We apply these approaches to two new corpora we collected at the Oregon Health & Science
University sleep lab, a large full-night clinical polysomnography corpus and a smaller corpus
of high-quality, time-aligned sleep breathing audio collected during clinical polysomnography.
We find that our algorithmic, rule-based event detection system achieves 86.4% agreement with
human experts, surpassing the threshold set for by the AASM for accreditation. We also find
that our feature-learning DNN-based approach also achieves a high level of agreement, falling
below 80% only for the most severe of subjects, while operating on the raw sensor data rather than
hand-engineered features. We present our work on these approaches, including additional work
on specific issues that pertain to event scoring such as sensor failure, oximetry sensor desaturation
delay, and sensor baseline estimation, and outline remaining work toward our goal of automatic,

objective, and accurate event scoring and severity estimation.
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Chapter 1

Introduction

1.1 Sleep Disordered Breathing

Sleep-disordered breathing (SDB) is recognized as a widespread, under-diagnosed condition as-
sociated with many detrimental health problems [41, 73, 144, 164, 168]. Young et al. describe the
total burden of sleep-disordered breathing on the health system and society as “staggering” [168].
The most common form of sleep-disordered breathing is obstructive sleep apnea (OSA), charac-
terized by frequent transient reductions of blood oxygen saturation corresponding to cessations of
breathing airflow due to collapse or obstruction of the upper airway, despite continued breathing
effort [92, 168]. Other forms of sleep-disordered breathing include hypopnea (partial airway col-
lapse or obstruction), central apnea (cessation of breathing effort and airflow), and mixed apnea
(a combination of central and obstructive apnea). These forms of disordered breathing—and the

related physiological processes—are presented in detail in Chapter 2.

1.1.1 Prevalence

The first large-scale longitudinal population study of sleep-disordered breathing, the Wisconsin
Sleep Cohort Study by Young et al., estimated that approximately 15% of the U.S. population is
affected by the disorder [168]. The long-term findings of this ongoing study were published in 2009,
reporting on a cohort of 1,500 subjects recruited from state employee records as a representative
sample of the general population who underwent full-night polysomnography (PSG) every four
years starting with a baseline PSG in 1998. Subjects in the cohort exhibited a wide range of severity
of disordered breathing during sleep, with the number of disordered breathing events per hour (a
clinically-derived metric known as the apnea-hypopnea index, or AHI, introduced more formally
in Section 3.7.5) ranging from 0 to 92. The study authors found a prevalence of at least mild SDB
(i.e., AHI > 5 events per hour) of 9% for women and 24% for men, and a prevalence of at least

moderate SDB (i. e., AHI > 15) was 4% for women and 9% for men [168].



Other significant studies published in the U.S. during the same timeframe reported a similar
prevalence of sleep-disordered breathing. A study of 741 males aged 20-100 years by Bixler
et al. in Pennsylvania found an overall prevalence of at least moderate SDB of 7.2% [26]. Further
work by this same team added 1,000 females to the study and found an overall prevalence of
at least moderate SDB in women of 2.2% [27]. Deeper investigation by prominent researchers
noted consistent prevalence among similar studies in other regions [114, 162, 164, 166], and raised
concern that many individuals have not been diagnosed with or treated for SDB by their healthcare

providers [163].

1.1.2 Longitudinal Outcomes and Comorbidities

Longitudinal and retrospective studies are consistent in their findings that sleep-disordered
breathing is associated with many serious health conditions [87, 116, 164, 167]. Some of the
health problems associated with sleep-disordered breathing include daytime sleepiness [154],
motor vehicle accidents [150, 163], hypertension [63, 97, 113, 144], insulin resistance [70], cardiac
arrhythmia [111, 144] or other cardiovascular disease [64, 167], and stroke [10, 133, 144, 161]. More
recently, the 2016 U. S. National Health and Wellness Survey found that individuals with obstruc-
tive sleep apnea experienced a “higher prevalence of comorbidities, reduced health-related quality
of life, and greater impairment in productivity” compared to individuals without OSA [147]. Be-
yond the obvious detriment to the well-being and quality of life of affected individuals, the overall

impact of these serious conditions also includes a significant cost to the healthcare system.

1.1.3 Cost

Given the high prevalence of sleep-disordered breathing within the population mentioned in
Section 1.1.1 coupled with the myriad of related health problems listed in Section 1.1.2, the
burden on the healthcare system is immense. Early investigation by Ronald et al. into the cost of
sleep-disordered breathing revealed that untreated SDB patients utilize national health resources
at twice the usual rate [127]. After reviewing cost data for 238 clinical cases in 1999, Kapur
et al. concluded that “patients with undiagnosed sleep apnea had considerably higher medical
costs than age and sex matched individuals” in terms of mean annual medical cost the year
prior to diagnosis of sleep-disordered breathing [72]. A more recent study of U.S. Medicare
data published in 2020 representing nearly 290,000 claims spanning 2006-2013 found a significant
increase in healthcare utilization and mean annual costs during the year prior to a diagnosis of

OSA, as compared to matched control subjects without sleep-disordered breathing [48, 158].



In 2016, the American Academy of Sleep Medicine (AASM) commissioned an independent
analysis of the economic impact of obstructive sleep apnea in the U.S. The resulting report,
published as a white paper on the AASM’s website [9], revealed an estimated annual economic
burden of $149.6 billion. This figure included $86.9 billion in lost productivity (which includes
absenteeism, underperformance, and negative workplace behavior), $26.2 billion in motor vehicle
accidents, $6.5 billion in workplace accidents, and $30 billion in costs related to healthcare utiliza-
tion and medication for the comorbidities noted earlier [58]. An editorial published in the Journal
of Clinical Sleep Medicine, authored by the immediate past president of the AASM, commented
on key findings of the report, noting both the immense cost as well as the high prevalence of
obstructive sleep apnea—an estimated 29.4 million adults in the U.S., or 12% of the adult popula-
tion [156]. The report itself also notes that of those 29.4 million, only 5.9 million individuals have
been diagnosed, leaving 80% of cases undiagnosed [58]. The report also calculates that properly

treating every affected individual would result in an annual savings of $100 billion.

1.1.4 Clinical Polysomnography

The current gold standard for diagnosis of sleep-disordered breathing is a full-night sleep study,
or polysomnography (PSG). This overnight procedure takes place in a sleep laboratory and is ob-
trusive, typically recording twelve or more physiological processes (including electroencephalog-
raphy, electrooculography, electromyography, blood oxygen saturation, and oronasal airflow) re-
quiring 22-40 sensor leads to be attached to the patient. Scoring of study results is time-consuming
and expensive, as an entire full-night study must be manually assessed by a human expert, then
reviewed by a clinician to determine a diagnosis. Moreover, studies show that patients sleep
differently at a hospital or clinic than at home [109]. Some at-home PSG systems exist, but these
still require sensor attachments (e. g., face mask to measure airflow) and a degree of training to

operate. We present more complete discussion of polysomnography in Chapter 3.

1.1.5 Alternatives to Clinical Polysomnography

The complex clinical nature and high cost of polysomnography make the procedure ill-suited
for mass screening of the population. Consequently, there is a tremendous unmet need for an
alternative method to screen for sleep-disordered breathing, as indicated by the large percentage
of undiagnosed cases outlined above. In recent years, several studies have investigated alternative
approaches to full-night clinical polysomnography for SDB screening. Much of this work is

motivated by the high cost and obtrusive, clinical nature of polysomnography and seeks low-cost,



minimally-obtrusive methods that can be used in the home sleep environment. These methods use
a variety of sensors and techniques to track the ventilatory cycle during sleep to detect SDB-related
events or predict overall SDB severity.

We survey the existing work in this area in Chapter 4, and note that all of these approaches
feature the use of algorithms, statistics, or machine learning to automate the tedious tasks of event
detection and severity estimation. These approaches generally operate on some subset of the
full polysomnography sensor array; some focus purely on automating the scoring of full-night
PSG using existing attached sensors, while others introduce alternative, less obtrusive sensors or
mechanisms to quantify the underlying physiological phenomena at the core of sleep-disordered
breathing. For approaches that introduce alternatives to traditional PSG sensors, three broad
classes emerge from the literature: methods that focus solely on the acoustics of sleep breathing
sounds, based on the high incidence of snoring sounds exhibited by individuals with obstructive
sleep apnea; methods that use non-acoustic, movement-based sensors to track fine movement
of the body during ventilation; and methods that use some minimal subset of traditional PSG
sensors or other novel mechanisms to quantify physiological changes during sleep. As part of our
review, we also discuss other related topics, such as automatic PSG scoring functions built into
the polysomnography system’s software suite, as well as the rise of commercially-available home

sleep monitoring devices in recent years.

1.2 Problem and Thesis Statements

We frame our work in terms of the following problem and thesis statements:

Problem Statement: Sleep-disordered breathing is a highly prevalent, under-diagnosed condi-
tion associated with many detrimental health problems, one that places a significant bur-
den on the individual and the healthcare system alike. Due to the significant cost and
shortcomings of diagnosing sleep-disordered breathing using traditional full-night clinical

polysomnography, alternative approaches must be considered.

Thesis Statement: A machine learning-based system can: (i) detect individual sleep-disordered
breathing events with acceptable inter-rater reliability with trained human experts, and
(if) predict overall sleep-disordered breathing severity with a strong correlation to the clin-
ically-derived apnea—hypopnea index, automatically and objectively, given data from a full

polysomnography sensor array down to a minimal subset of sensors.



Our computational approaches use proven digital signal processing techniques and machine
learning architectures to extract essential information from sensor data about the underlying
physiological phenomena during sleep-disordered breathing, allowing our machine learning-
based systems to learn to recognize subtle changes that are indicative of atypical physiology.
Notably, through our use of deep learning in one of our machine learning-based systems, we are
able to move beyond hand-engineered features based on human expert knowledge to state-of-the-
art, fully-automatic feature learning, a significant departure from the vast majority of previous

work in the area.

1.3 Contributions of the Thesis

Our contributions to the field are multi-faceted, representing a comprehensive body of work to
not only rigorously evaluate and illuminate shortcomings of the existing clinical gold standard
for diagnosis of sleep-disordered breathing—manual scoring of polysomnography—but move
beyond it to automated approaches that address these shortcomings. Our contributions manifest
at the intersection of computer science, electrical engineering, and sleep medicine—a truly inter-
disciplinary endeavor that also has applications to other related efforts that attempt to quantify
physiological phenomena through the use of digital signal processing and machine learning on
vast volumes of sensor data.

Our first contribution is a thorough investigation of the American Academy of Sleep Medicine’s
published event scoring rules, which we accomplish by the use of our straightforward, algorithmic
rule-based event detection system to automatically score disordered breathing events. Through
our analysis of the output of our rule-based system in comparison with the manually-annotated
output, we uncover significant shortcomings inherent in the codified criteria, particularly with
respect to the ambiguity of critical event detection thresholds. We find that these ambiguities
introduce subjectivity to the event scoring process, leading to lower levels of inter-rater reliability,
or agreement, between human experts as they visually integrate many signals. We note that
these ambiguities also substantially impair the ability of any automated approach to precisely
follow the accepted clinical standard. To further investigate the concept of subjectivity in event
scoring, we contribute a methodical exploration of slight changes to the precise threshold values
and corresponding impact of those changes on the resulting event detection accuracy, further
highlighting the inherent fuzziness of the current manual process.

Our next contribution is a set of techniques to address the aforementioned ambiguities in the

codified clinical standard and to handle other related issues that arise during event scoring—all



aspects that human experts subjectively handle through training or intuition. Our most important
technique is an automatic method for per-sensor baseline estimation, as the baseline value is
used as the fundamental measure of each underlying physiological process. Despite its crucial
role in the formulation of all aspects of the event detection criteria, the concept of baseline is
ill-defined in the official AASM scoring manual. We note that this baseline measure is subjectively
estimated by human experts in the current clinical standard of care, further complicating attempts
at automatic event detection. We also contribute our automatic method to estimate the delay in
peripherial oxygen saturation (SpO,) as measured by a pulse oximeter, allowing us to time-align
oxygen desaturations with the changes in ventilatory effort that actually cause them. Without
this alignment, desaturations appear approximately 10-20 seconds after the causal event in the
recorded PSG sensor traces; human experts visually scan forward and backward during manual
scoring to identify these dependent yet temporally-disjoint occurrences. In 2017, we presented
this automatic approach for determining SpO, delay during a poster session at SLEEP, the premier
clinical and scientific conference in the field, following acceptance of our submitted abstract [141].
In addition to these contributions, we also include automatic methods for identifying and handling
sensor failure—again, a task currently handled by human experts during the scoring process.
Our third contribution is our investigation of sleep breathing sounds as a surrogate for
physically-attached sensors for quantifying ventilatory effort throughout the night. This investiga-
tion is comprised of our initial work in the field of sleep-disordered breathing, where we explore
the acoustics of sleep breathing, various feature extraction and noise removal techniques, and
machine learning model architectures to classify those sounds into various types of ventilatory
effort to track the ventilatory cycle during sleep. In 2013, we presented the peer-reviewed findings
of our work in this area at the International Conference on Acoustics, Speech, and Signal Process-
ing (ICASSP) [139]. Our efforts originally focused on portable monitoring and screening, leading
us to pursue a Small Business Innovation Research grant to further explore a potential at-home,
acoustics-based screening system. We were subsequently awarded a Phase I grant by the National
Institutes of Health (Project Number: 1R43DA037588-01A1, Principal Investigator: B. R. Snider),
enabling us to collect high-quality audio recordings of breath and snore sounds concurrently with
full-night polysomnography at the Oregon Health & Science University sleep lab to further our
work to track ventilatory effort using sleep breathing sounds [142]. Through this multi-year effort,
we extended our acoustics-based ventilatory effort tracking model to also predict SDB events,
and presented our findings at the 2016 ICASSP conference [140]. We also filed an institutional
technical report on acoustic noise reduction in the sleep environment, presenting a method to

minimize environmental noise present in audio recordings of sleep breathing sounds [138].


https://projectreporter.nih.gov/project_info_details.cfm?aid=8648375&icde=17801918

Our fourth contribution is our set of deep neural network (DNN)-based event detection and
severity estimation approaches. Notably, we use a convolutional neural network (CNN) to learn
filters that yield discriminating features directly from a subset of PSG sensors, rather than hand-
engineered features. Our feature-learning approach is a significant departure from the vast
majority of the existing published methods for these tasks, greatly reducing or even eliminating
the dependence on domain knowledge, in particular the ill-defined and somewhat subjective
aspects such as baseline estimation. We contribute our hybrid DNN architecture that uses a series
of convolutional layers to encode relevant information from the raw sensor data, followed by
a series of long short-term memory-based recurrent layers to predict the corresponding sleep-
disordered breathing event type to describe 30-second epochs of data. We note that our hybrid
CNN-LSTM model appears to be the first of its kind in the SDB event scoring literature, and
we plan to submit a manuscript for publication to the relevant clinical journals detailing our
approach—specifically, the feature-learning aspects—and corresponding promising results.

Our final contribution is our manually-curated sleep signal corpora. Due to the lack of avail-
ability of full-night PSG recordings that also include manually-annotated sleep staging and event
scoring labels for the entire night, rather than just summary metrics, we undertook the task of
clinical data collection to support our research. We designed two different research studies to
permit us to gather both full-night polysomnography sensor data and high-quality, time-aligned
sleep breathing audio recordings, and provide us access to the ground-truth sleep stage and SDB
event labels and corresponding clinical findings. For each of these studies, we worked with our
clinical counterparts and our institutional review board (IRB) to carefully consider patient safety,
privacy, and data stewardship concerns as part of the approval and continuing review process.
We contribute these two corpora in hopes that, through increased access, they enable further
research at our own institution and beyond, noting that our clinical counterparts have explicitly
expressed interest in proposing their own longitudinal studies of the 167 subjects we included
in our polysomnography corpus in the coming years as subjects age and comorbities of sleep-
disordered breathing begin to manifest. These corpora are available to other researchers affiliated

with Oregon Health & Science University, given proper IRB approval to obtain access.

1.4 Organization of the Thesis

We lay the foundation for our work by first introducing the physiology of sleep and relevant
disordered breathing types (Chapter 2). We then discuss facets of clinical polysomnography,

including a brief history, description of sensors used, typical study procedures, and reported



measures (Chapter 3). We also discuss accreditation guidelines presented by the governing body,
the aforementioned American Academy of Sleep Medicine. We then review previous approaches
for automatic assessment of sleep-disordered breathing (Chapter 4).

Given this background, we then present our contributions, which include our own curated
sleep signal corpora (Chapter 5) and automatic approaches for sleep-disordered breathing event
detection and overall severity estimation using three different architectures: an algorithmic rule-
based event detection system based on the AASM’s standardized event scoring criteria for clinical
polysomnography (Chapter 6); a two-stage, hidden Markov model (HMM)-based ventilatory cycle
tracking system (Chapter 7); and a series of deep neural network-based systems (Chapter 8). Our
three approaches explore a continuum that varies from most aligned with established clinical
practices and informed by human expertise—the rule-based system—to fully automated with
discriminating features learned by the machinery—the DNN-based systems. Finally, we close

with our conclusions and discuss future directions for our research (Chapter 9).



Chapter 2

Physiology of Sleep

2.1 Introduction

Sleep is a complex phenomenon that consists of a variety of stages, and involves several key
systems of the body. As the focus of our work is on sleep-disordered breathing (SDB), we are
primarily concerned with ventilation—the mechanical movement of the chest or thorax during
breathing. However, the effects of disordered breathing during sleep manifest in other physiologi-
cal systems beyond the respiratory system, notably, a drop in blood oxygen saturation, motivating
an understanding of the basic function of the circulatory system. Moreover, some of the causes of
sleep-disordered breathing have ties to other systems, such as the central nervous system in the
case of central apnea. To properly inform the reader of the essential aspects of sleep and disordered
breathing during sleep, we present an overview of the stages of sleep (Section 2.2), the principal
physiological systems involved in sleep-disordered breathing and its diagnosis (Section 2.3), and

the various forms of sleep-disordered breathing (Section 2.4).

2.2 Sleep Stages

As early as 1937, sleep researchers recognized that sleep was composed of a variety of stages.
Loomis et al. first described features of non-rapid eye movement (NREM) sleep, introducing
the notion of sleep stages characterized by unique electroencephalography (EEG) patterns [88].
In 1957, Dement and Kleitman published widely-adopted descriptions of sleep stages used by
sleep researchers analyzing clinical sleep recordings [46]. As part of a larger effort to codify a
terminology and scoring system for use by all sleep researchers, Rechtschaffen and Kales published
A Manual of Standardized Terminology, Techniques and Scoring System for Sleep Stages of Human Subjects
in 1968 [121]. This manual presented the first codified rules for categorizing periods of sleep into

stages based on the EEG, electrooculography (EOG), and electromyography (EMG) recordings.
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The foundational concepts described in these rules form the underpinnings of our current
understanding of the stages of sleep, and continue to be refined as part of the official American
Academy of Sleep Medicine sleep staging and event scoring criteria [137]. For the interested reader,
we discuss the history of sleep research and polysomnography in greater detail in Section 3.2.

As the actual task of sleep staging is not addressed by our work, we only provide a brief
summary of each of the various stages, and point to the scoring manual for a more complete
technical description. We also note that experts in the field have commented on the need to
reassess sleep staging due to the advent of digital recording equipment [132]. The summaries that

follow in this section are paraphrased from the AASM scoring manual [24, 25, 69].

2.2.1 Wakefulness

Wakefulness is defined as anything from full alertness all the way through early states of drowsi-
ness. This stage is primarily identified by a specific pattern of activity in the occipital region of the
brain evident in the EEG sensor data known as an alpha rhythm. This stage is also characterized,
in the absence of alpha rhythm, by eye blinks at a frequency of 0.5-2.0 Hz and reading or scanning

eye movements [69].

2.2.2 Non-Rapid Eye Movement (NREM) Sleep

Non-rapid eye movement (NREM) sleep is a period of non-wakefulness characterized by slow eye
movements, defined as “conjugate, reasonably regular, sinusoidal eye movements with an initial
deflection usually lasting greater than 500 milliseconds” [69]. NREM sleep is further categorized
into three stages, known as N1, N2, and N3. Stage N3 is also known as slow-wave sleep. These
stages are identified by distinguishing characteristics evident in the EEG, EMG, and EOG sensor
data, such as vertex sharp (“V”) waves, K complex waves, and sleep spindles. Further discussion

of these and other sensors used in clinical polysomnography is presented in Section 3.3.

2.2.3 Rapid Eye Movement (REM) Sleep

Rapid eye movement (REM) sleep is a period of non-wakefulness characterized by “conjugate,
irregular, sharply-peaked eye movements with an initial deflection usually lasting less than 500
milliseconds” [69]. For SDB event scoring purposes, only periods of REM and NREM sleep are
considered; periods of wakefulness are excluded from event scoring, but may be used to determine

whether an arousal from sleep occurred following an event.
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2.3 Physiological Systems

Sleep is influenced by, and also influences, all of the major systems of the body. In this section,
we provide a brief overview of these relationships to provide context for our discussion of the
specific types of sleep-disordered breathing we present in Section 2.4, focusing on those systems

that we directly measure via polysomnography.

2.3.1 Respiratory System

The respiratory system includes both ventilation—the mechanical movement of air into and out of
the lungs, and respiration—the transport of oxygen into the bloodstream and carbon dioxide out of
the bloodstream. Individuals that suffer from sleep-disordered breathing experience reductions
or pauses in respiration, leading to desaturations in blood oxygen levels. These abnormalities can
be obstructive in nature, where the airway is partially or completely obstructed or collapsed, and
airflow is inhibited despite continued ventilation. They can also be non-obstructive, and instead
caused by a defect in the function of the nervous system that inhibits ventilation. We discuss

specific types of disordered breathing during sleep in the next section (Section 2.4).

2.3.2 Nervous System

The alternating cycle of sleep and wakefulness are regulated in part by the nervous system. The
nervous system orchestrates several aspects of sleep, from inhibiting wakefulness to activating
mechanical ventilation. Beyond control, the nervous system is negatively impacted by sleep
loss; without restoration during sleep, regions of the brain involved in alertness, attention, and
higher-order cognitive function exhibit decreased activity and function [151]. This much-needed

restoration aspect of sleep is most associated with slow-wave NREM sleep.

2.3.3 Cardiovascular System

As part of the larger circulatory system (which also includes the lymphatic system), the cardio-
vascular system transports oxygen from the lungs to the rest of the body, and carbon dioxide from
the body back to the lungs. Beyond transport, the cardiovascular system is also directly impacted
by sleep. Heart rate and blood pressure both vary during sleep, lowering during sleep and rising
in the hours before waking. Disordered sleep is also associated with cardiac events, including
arrhythmia [111, 144] and stroke [10, 133, 144, 161], as well as hypertension [63, 97, 113, 144] other
cardiovascular disease [64, 167]. Some of these studies have found that even a single night of sleep

loss can result in increased blood pressure in otherwise healthy individuals.



12

2.4 Sleep-Disordered Breathing

Sleep-disordered breathing (SDB) is a general term that refers to several types of disordered
breathing that occur during sleep. The AASM scoring manual fully specifies how these different
types of breathing are identified; we discuss those criteria in Section 3.6. In this section, we provide
brief descriptions of the physiology of the specific types of SDB relevant to our work, to motivate
further discussion in Chapter 3 of the sensors and techniques used in clinical polysomnography

to diagnose these disorders.

2.4.1 Obstructive Hypopnea

Obstructive sleep hypopnea, from the prefix hypo- (“under”) and the suffix -pnea (“breath”), is a
form of disordered breathing characterized by a reduction, but not complete cessation, of airflow
despite continued ventilatory effort. Clinically-significant hypopnea events typically exhibit a
noticeable drop in blood oxygen saturation, and last for several seconds. The precise clinical

criteria for scoring hypopnea events is discussed in Section 3.6.3.

2.4.2 Obstructive Apnea

Obstructive sleep apnea (OSA), from the prefix a- (“not” or “without”) and the suffix -pnea
(“breath”), is a form of disordered breathing characterized by a complete cessation of airflow
despite continued ventilatory effort. The precise clinical criteria for scoring apnea events and
distinguishing between the various types of events is specified in Section 3.6.2. Obstructive sleep
apnea is the most common form of sleep-disordered breathing, and is frequently accompanied by

loud snoring [168]. OSA is most common in overweight individuals [165].

24.3 Central Apnea

Central apnea is another type of apnea with a completely different etiology than that of obstruc-
tive apnea. The sub-types of central apnea can be roughly categorized into two groups: those
characterized by excessive ventilatory drive (such as Cheyne-Stokes breathing), and those with
reduced or impaired ventilatory drive (such as sleep hypoventilation syndrome) [93, 169]. In
some variants of central apnea, the pre-Botzinger complex—the region of the medulla that helps
regulate inspiratory rhythm [124]—fails to correctly initiate or propagate the signal instructing
the body to inhale.

Individuals afflicted by central apnea can exhibit long cessations of breathing effort and airflow.

Despite the different underlying causes, all forms of central apnea still result in the same immediate
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change in the body as other forms of sleep-disordered breathing—a significant drop in blood
oxygen saturation [93]. However, due to the lack of ventilatory effort, central apnea is fairly

straightforward to distinguish from obstructive apnea.

24.4 Complex Apnea

Complex apnea, sometimes referred to as mixed apnea, is a curious phenomenon that arises in
some individuals presenting with obstructive sleep apnea upon the administration of positive
airway pressure [101]. There is much debate amongst sleep researchers on whether complex sleep
apnea is a disease in its own right [60], or simply a group of loosely related conditions of varying
etiologies [94]. Regardless, this type of treatment-emergent central apnea typically persists even
after the original OSA-related symptoms have been resolved, for as long as interventions such as

continuous positive airway pressure (CPAP) are administered [94].



Chapter 3

Clinical Polysomnography

3.1 Introduction

The current gold standard for diagnosis of sleep-disordered breathing is a full-night sleep study
known as polysomnography (PSG). This overnight procedure takes place in a sleep laboratory,
typically recording twelve or more physiological processes (including electroencephalography,
electrooculography, electromyography, blood oxygen saturation, and oronasal airflow) requiring
many sensor leads to be attached to the patient. These full-night recordings are reviewed to
determine sleep staging throughout the night and to identify sleep-disordered breathing events.

In this chapter, we present a brief history of polysomnography and prototypical scoring cri-
teria (Section 3.2), followed by an introduction to the sensors (Section 3.3) and procedures (Sec-
tion 3.4) used in modern clinical polysomnography. Next, we review sleep staging and event
scoring rules (Sections 3.5 and 3.6) prescribed by the American Academy of Sleep Medicine, or
AASM, the accrediting body for sleep medicine in the United States. We then present measures
typically reported post-clinical study, including the apnea-hypopnea index (Section 3.7). Finally,
we discuss AASM accreditation requirements (Section 3.8), which focus on an acceptable level of

inter-rater reliability.

3.2 Brief History of Polysomnography

The first successful recording of electrical activity in the human brain was made in 1929 by
German physicist Hans Berger, introducing the term electroencephalography (EEG) to describe
these recordings [22]. In the following decade, others used EEG to describe electrical activity in
the human brain. Loomis et al. first described features of non-rapid eye movement (NREM) sleep,
introducing the notion of sleep stages characterized by unique EEG patterns [88]. Closely related
work by Davis et al. explored changes in EEG patterns at the onset of sleep [44]. Blake et al. refined

14
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this idea by determining that these characteristic patterns of activity were most evident in specific
locations of the brain [28].

In 1953, Kleitman and Aserinsky noted distinct periods of eye movement and non-movement
while observing sleeping infants [11]. After observing the same phenomenon in sleeping adults,
they devised electrooculography (EOG) to measure eye movements during sleep, leading to the
discovery of rapid eye movement (REM) sleep. Through experimental study, they concluded that
rapid eye movements represented physiological changes associated with dreaming.

Despite these advances, the periodicity and ordering of sleep stages were not yet known.
Experiments at this time were typically very short in duration or sampled only occasionally
throughout the night, due to resource constraints [45]. In 1957, Kleitman and Dement used EEG,
EOG, and movement channels in the first large-scale study of full nights of uninterrupted sleep,
leading to the discovery of the human sleep cycle [46]. They characterized the sleep cycle as a
recurring sequence of sleep stages and set a new precedent for EEG recordings [45].

After Kleitman and Dement published their findings in 1957, sleep researchers widely adopted
their description of sleep stages when analyzing clinical sleep recordings. Over the next decade,
concern about the reproducibility and inter-rater reliability of sleep scoring grew among sleep
researchers. Analysis by Monroe validated this concern, finding an alarmingly low level of inter-
rater reliability [100]. A committee of investigators, led by Rechtschaffen and Kales, was formed
in 1967 to codify a terminology and scoring system for use by all sleep researchers, leading to the
publication of A Manual of Standardized Terminology, Techniques and Scoring System for Sleep Stages
of Human Subjects in 1968 [121]. The manual codified rules for sleep staging based on the EEG,
EOG, and EMG recordings as observed in 30-second epochs.

The Rechtschaffen and Kales manual was accepted by the sleep community as the gold standard
for sleep staging and remained in service for nearly four decades [45, 135]. Despite the intention
of the original authors, the manual was not revised as the field changed over time. Beyond the
limited scope of physiological phenomena included in the manual, the manual pre-dated the
widespread adoption of digital recording equipment. Starting in 2004, the American Academy
of Sleep Medicine commissioned work to create a new scoring manual covering a wide variety
of topics, including visual and digital scoring, arousal from sleep, movement, respiratory issues,
and cardiac issues, resulting in the publication in 2007 of the AASM Manual for the Scoring of Sleep
and Associated Events: Rules, Terminology, and Technical Specifications [69, 122]. This manual saw
another substantial revision from version 1.0 to version 2.0 in 2012 [24], followed by planned annual
updates bringing it to version 2.5 as of April 2018 [25], with version 2.6 due for implementation

by all AASM-accredited sleep facilities by July 1, 2020.
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Figure 3.1: Top-down view of typical EEG electrode placement locations on the head. Some
electrode locations (used in full EEG, but not in PSG) omitted for clarity.

3.3 Sensors

In this section, we introduce the sensors used during modern, full-night clinical polysomnography.
These sensors are an essential part of PSG, providing insight into the wakefulness of the patient

as well as the underlying physiological phenomena that accompany sleep-disordered breathing.

3.3.1 Electroencephalography

Electroencephalography (EEG) records electrical signals in the brain over time via electrodes
attached to the scalp. EEG is used during polysomnography for determining sleep staging
and arousals from sleep. The AASM-recommend derivations are F4;—M;, C4-M;, and O,-M;,
at minimum, to sample activity from the frontal, central, and occipital regions of the brain,
respectively (where M; and M, are the left and right mastoid processes) [69]. Additional electrodes
are typically placed at F3, C3, O1, and M, to accommodate alternative derivations, providing
redundancy in the event of an electrode malfunction during the PSG study. Figure 3.1 depicts the

locations of these electrodes, placed according to the International 10-20 System [82].

3.3.2 Electrooculography

Electrooculography (EOG) records electrical signals related to eye movement via electrodes placed

near the eye. EOG is used during polysomnography to identify periods of rapid eye movement
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Figure 3.2: Typical EOG electrode placement locations (anterior view)

(REM) sleep and to help determine the onset of sleep. The AASM-recommended derivations are
E1-M, (where E; is placed 1 cm below the left outer canthus, i.e., the point where the upper
and lower eyelid meet) and E>—-M, (where E; is placed 1 cm above the right outer canthus) [69].

Figure 3.2 depicts an anterior view of the locations of these electrodes.

3.3.3 Electromyography

Electromyography (EMG) records electrical signals related to muscle tension in the body. EMG
is used during polysomnography as a measure of relaxation typically associated with sleep,
specifically near the chin above and below the inferior edge of the mandible. It is also used on the

anterior tibialis of each leg to detect periodic limb movements.

3.3.4 Electrocardiography

Electrocardiography (ECG) records electrical signals in the heart as it expands and contracts. Typ-
ical ECG uses ten electrodes; however, only two or three are typically used in polysomnography,

primarily to identify any abnormal activity that may indicate an underlying cardiac condition.

3.3.5 Oronasal Airflow

Oronasal airflow is typically measured using a thermal sensor and an air pressure transducer,
quantifying the flow of air through the mouth and nose during inhalation and exhalation. The
oronasal thermal sensor is used to detect the absence of airflow for identification of an apnea, and
the nasal air pressure transducer is used to detect changes in airflow for the identification of a
hypopnea [69]. In the event of an unreliable thermal sensor, the nasal air pressure transducer may

be used for the identification of an apnea.
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3.3.6 Ventilatory Effort

Ventilatory effort—that is, the mechanical movement of the thorax or abdomen—is measured
using respiratory inductance plethysmography (RIP). In typical PSG studies, two effort bands are
worn about the torso, one about the thoracic cavity and the other about the abdominal cavity.
These bands quantify the amount of inspiratory breathing effort, informing the scoring process

when identifying obstructive, central, or mixed apnea when a cessation of airflow is observed [69].

3.3.7 Pulse Oximetry

Blood oxygen is measured using a pulse oximeter, typically fastened to the fingertip or toe and
reported as the peripherial oxygen saturation (SpO;) in percent. The AASM manual prescribes a
maximum acceptable signal averaging time of three seconds [69]. Desaturations of 3—4% are used

during event scoring to help identify hypopnea events.

3.4 Typical Procedures

As polysomnography is a fairly complicated approach requiring the use of many different types
of sensors, several procedures are typically used to ensure the correctness of the recorded sensor
data as well as provide diagnostic information about the efficacy of possible treatment options. In
this section, we describe typical sensor placement (Section 3.4.1), sensor calibration (Section 3.4.2),

and split-night studies (Section 3.4.3).

3.4.1 Sensor Placement

After checking a patient in and obtaining informed consent to proceed with the full-night PSG
study, a registered polysomnography technician (RPSGT) must then correctly position and affix
each sensor on the patient’s body. Electrodes for EEG, EOG, EMG, and ECG are positioned
according to the guidelines outlined in Section 3.3 using careful measurements, and are typically
affixed with adhesive tape or paste. A nasal cannula is placed in the patient’s nostrils (much like
when administering oxygen) to measure airflow pressure and temperature. The RIP bands used
to measure ventilatory effort are wrapped around the patient’s thorax and abdomen and snugly
fastened. A pulse oximeter is clipped or taped to the patient’s fingertip to measure peripherial
oxygen saturation. Commonly, additional sensor leads are also affixed at various other locations
of the patient’s body to measure other physiological aspects; for example, electrode leads are

attached to the legs to measure periodic leg movements.
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Beyond the initial setup, technicians often are required to reaffix or reposition sensors during
the full-night study, due to patient movement during sleep, such as when the patient turns over in
the bed and an electrode lead detaches, or the RIP belt slides up or down too far. Such corrections
are dutifully noted in the PSG system to provide context during later review, as the recorded

sensor data will likely show spurious extreme deviations in these instances.

3.4.2 Sensor Calibration

Once all of the sensors are correctly and securely attached, the patient is instructed to lay down
in the bed and prepare for sensor calibration. This critical step is required to properly tune each
sensor to the patient’s body according to the AASM guidelines, and allows the technician to verify
that sensor data is being correctly recorded by the PSG system before the full-night study begins.

During calibration, the RPSGT instructs the patient to perform various physical tasks such as
blinking one’s eyes, coughing, taking a deep breath in, and so on, to verify that each sensor is
placed and functioning correctly. Autonomous processes such as brain activity and heart function
are assessed as well. If one or more sensors are not providing valid data, the technician then

adjusts the positioning or calibration as needed.

3.4.3 Split-Night Studies

As mentioned earlier, a secondary goal of full-night polysomnography, beyond providing suf-
ficient evidence to accurately diagnose a sleep disorder, is to determine the efficacy of possible
treatment options. During a PSG study, a technician may determine that a patient is frequently
exhibiting symptoms of sleep-disordered breathing, as evidenced by trends in the recorded sen-
sor data. In such a case, the technician may employ a so-called “split-night” study once enough
evidence (i. e., recorded sensor data) has been gathered to justify the decision.

In a split-night study, the first portion of the study is used for diagnostic purposes, and
generally lasts for at least one hour after sleep onset. The technician then “splits” the full-night
into a second portion. In the second portion of the night, the technician administers some type of
intervention based on the exhibited symptoms, typically in the form of positive airway pressure or
oxygen. During this second, intervention-focused portion, the technician titrates air pressure, for
example using a continuous positive airway pressure (CPAP) machine, and observes the response
from the patient’s physiological systems.

For example, a technician might observe a significant reduction in airflow due to complete

or partial airway collapse despite continued ventilatory effort, consistent with obstructive apnea
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or hypopnea. In this situation, the RPSGT might administer CPAP and gradually adjust the
amount of airway pressure up until the airflow reductions are minimized or eliminated, while
also noting the effect on the patient’s SpO, level. After review by a physician, the patient may
then be prescribed long-term use of a CPAP machine at home, with the machine set to the titrated

pressure determined during the split-night PSG study.

3.5 Sleep Staging

The next important aspect of a polysomnography study is the review and interpretation of the
recorded sensor data. This review is typically conducted in two steps: sleep staging, to determine
which stage of sleep the patient is in throughout the night, and event scoring, where individual
instances of apnea and hypopnea events are identified in regions of sleep (discussed in the next
section). Sleep staging is an essential first step before disordered breathing events can be scored.
During staging, the completed PSG study is first segmented into uniform 30-second sequential
epochs. Each epoch is then categorized with its corresponding sleep stage: wakefulness (Stage
W), non-rapid eye movement sleep (Stages N1-N3), or rapid eye movement sleep (Stage R), as
introduced in Section 2.2. In the event of a single epoch consisting of more than one sleep stage,
the AASM scoring manual recommends assigning the stage that comprises the greatest portion
of the epoch [69]. Epochs that are labeled as Stage W are not usually considered for diagnosing
sleep-disordered breathing.

3.6 Event Scoring

Once the sleep staging is complete, disordered breathing events are identified using standard-
ized rules. These rules are codified in the AASM scoring manual and are reproduced here for
reference [69]. In general, events must meet a minimum duration criteria, and exhibit significant
changes in sensor data to qualify as a disordered event.

One important aspect of the event scoring rules we discuss in this section is the notion of
“baseline” values for each of the various sensors. Disordered breathing events are generally
identified by sensor values that deviate from some determined baseline value, typically based
on some summarization of recently-seen values for that sensor. Despite the integral nature of
baseline values in the official scoring rules, the AASM scoring manual curiously does not explicitly
specify how to determine the baseline. We discuss our own approach to baseline estimation in

Section 6.2.1.1, based on discussions with sleep medicine physicians here at our institution.
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3.6.1 Event Duration Rule

For a candidate event to be considered a true event, it must meet a minimum duration of ten
seconds. The event duration is measured from the nadir (i. e., lowest point) preceding the first
breath that is clearly reduced; it is measured to the beginning of the first breath that approximates

baseline amplitude.

3.6.2 Adult Apnea Rule

An apnea event is scored when there is a drop in peak oronasal thermal sensor signal excursion
by greater than or equal to 90% of the pre-event baseline. The duration of the 90% drop must be
greater than or equal to ten seconds. In this work, we focus solely on sleep-disordered breathing

in adults; separate rules for pediatric patients are also presented in the AASM scoring manual.

3.6.2.1 Apnea Classification

Once an apnea event is identified, it is further classified as obstructive, central, or mixed, based
on the ventilatory effort. If inspiratory effort is continued or increased throughout the event,
the apnea is obstructive (that is, the patient is mechanically trying to breathe, but the airway is
obstructed). Conversely, if inspiratory effort is absent throughout the event, the apnea is central
(that is, the patient is not mechanically trying to breathe). The apnea is considered mixed if
evidence of both central and obstructive is present, typically when inspiratory effort is absent
at the onset of the event (as in central apnea), but resumes before the end of the event (as in

obstructive apnea).

3.6.3 Adult Hypopnea Rule

Similar to the apnea rule, a hypopnea event is scored when there is a drop in peak nasal airflow
pressure sensor signal excursion by greater than or equal to 30% of pre-event baseline. The
duration of the 90% drop must be greater than or equal to ten seconds. Furthermore, the SpO,
sensor must show a desaturation of at least 3-4% from the pre-event baseline, or the event must
be associated with an arousal. Due to the impreciseness of this desaturation range, we further

explore the effect of different desaturation thresholds in Section 6.3.
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3.7 Reported Measures

In addition to the sleep staging and event scoring information, polysomnography studies typically
provide a sleep study report containing additional standard metrics for the physician to review.
In this section, we briefly introduce the measures that are typically calculated and reported for a

full-night polysomnography study.

3.7.1 Total Sleep Time

Total sleep time (TST), in the context of a PSG study, is simply defined as the total elapsed time
(measured in hours) from the beginning of the first epoch of Stage N1 sleep (known as the
“sleep onset”) to waking the following morning (“sleep offset”), excluding the duration of epochs

identified as Stage W. It is calculated as the time in stages N1-N3 plus the time in REM sleep:

trsT = tN1 + EN2 + EN3 + EREM - (3.1)

Similarly, the total recording time (TRT) is the total elapsed time the patient is in bed with the PSG

sensor equipment in place and recording physiological signals.

3.7.2 Sleep Onset Latency

Originally conceived as an objective measure of daytime sleepiness [47], sleep onset latency
is the time in minutes it takes for a person to fall asleep. The first test of sleep latency, the
Multiple Sleep Latency Test, formalized this duration into the following levels of sleepiness: 0-5
minutes, severe; 5-10 minutes, troublesome; 10-15 minutes, manageable; and 15-20 minutes,

excellent [32, 33, 123, 152].

3.7.3 Sleep Efficiency

Sleep efficiency is expressed as the percentage of the total recording time that the patient was
actually asleep during the study. It is calculated as the total sleep time (defined in Equation 3.1)
divided by the total recording time, multiplied by 100:

t
Nsleep = tﬂ X100 . 3.2)

TRT
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3.7.4 Percent Time per Sleep Stage

As various sleep stages are associated with different physiological and neurochemical changes,
the percent of time spent in each stage of sleep is also reported. These percentages are simply
calculated as the time in a given stage divided by the total sleep time, multiplied by 100; for
example, for REM sleep:
Yotren = FEM 5100 (3.3)
trst

3.7.5 Apnea-Hypopnea Index

The apnea-hypopnea index (AHI) is computed as the sum of the number of apnea events and
number of hypopnea events divided by the total sleep time:

Napnea + Mhypopnea

AHI = (3.4)

trst
The AHI is the most commonly used metric in sleep-disordered breathing assessment, essentially
indicating the average number of events per hour, and is used to compute the overall severity (see

Section 3.7.7).

3.7.6 Respiratory Disturbance Index

The respiratory disturbance index (RDI) is similar to the apnea-hypopnea index, but also includes
disordered breathing events known as respiratory effort-related arousals (RERAs) that do not
fully meet the scoring criteria for apnea or hypopnea events:

Napnea + Nhypopnea + NRERA

RDI = (3.5)

trsT

3.7.7 Overall Severity

The overall measure of severity of sleep-disordered breathing is determined directly from the
apnea-hypopnea index, such that an AHI of 0-5 corresponds to a severity of “none,” 5-15 is mild,
15-30 is moderate, and over 30 is considered severe. In general, the more events per hour, the

more severe the condition is considered.

3.7.8 Additional Metrics

Beyond the primary metrics described above, PSG typically reports additional metrics or data

points. These include: “lights out,” the time of day the patient first fell asleep; “lights on,” the



24

time of day the patient woke in the morning; the number of apnea, hypopnea, and respiratory
effort-related arousal events; the number of periodic leg movements with and without arousals;
mean, minimum, and maximum duration of contiguous NREM and REM sleep episodes; mean,
minimum, and maximum oxygen saturation in wake, NREM, and REM sleep; and other relevant

information such as the patient’s body position throughout the night [74, 84].

3.8 Accreditation

Many, if not all, sleep centers and clinics in the U. S. seek to attain accreditation with the American
Academy of Sleep Medicine on an annual basis. To do so, registered polysomnography technicians
employed by the facility must score polysomnography studies with a high level of agreement
with each other during a formal assessment. Typically, a senior RPSGT or a physician will score
selected studies; their results (i. e., sleep staging and event scoring labels) are considered the “gold
standard” for the facility for that accreditation cycle. All other technicians then score the same

PSG studies, and their results are compared with the gold standard.

3.8.1 Inter-Rater Reliability

To attain accreditation with the AASM, personnel at a facility must generally achieve 85% agree-
ment, or inter-rater reliability (IRR), with the gold standard scorers at that facility [89]. AASM
guidelines provide some relevant guidance here: if individual epochs contain more than one sleep
stage or event label, use the predominant label to describe the entire epoch, and, when determin-
ing agreement between two different labelers, epochs are considered to be in agreement if their
labels match [69]. Due to differing interpretations of the rules, scoring variability is a recognized
concern; researchers continue to examine areas of disagreement to further refine both the staging
and scoring rules [39, 79, 129].

The overall inter-rater reliability for a given study is defined as the number of scored epochs

in agreement divided by the total number of scored epochs in the study, multiplied by 100:

Nepochs in agreement

IRR = X100 . (3.6)

Nepochs total
As we look toward more automatic approaches to sleep-disordered breathing event detection and
severity estimation, we consider a high level of inter-rater reliability between human experts and

our own automated approaches a viable measure of success.



Chapter 4

Previous Approaches

4.1 Introduction

Over the past several decades, an increasing number of studies have been conducted to investigate
alternative approaches to full-night clinical polysomnography for sleep-disordered breathing
screening and diagnosis. Much of this work is motivated by the high cost and obtrusive, clinical
nature of polysomnography and seeks low-cost, minimally-obtrusive methods that can be used in
the home sleep environment. These methods use a variety of sensors and classification techniques
to track the ventilatory cycle and other relevent phenomena during sleep to detect sleep-disordered
breathing-related events or estimate overall sleep-disordered breathing severity.

In this chapter, we review the previously published literature on sleep-disordered breathing
event detection and severity estimation. We note that these previous approaches generally operate
on some subset of the full polysomnography sensor array, with an emphasis on those sensors
traditionally used for sleep-disordered breathing event detection, per the American Academy of
Sleep Medicine scoring guidelines. Many of these approaches introduce alternative, less obtrusive
sensors or mechanisms to quantify the underlying physiological phenomena at the core of sleep-
disordered breathing; we review the history of the rise of these alternatives in Section 4.2. We
also note that, in addition to the introduction of alternative sensors, several researchers focus on
automating event scoring, with a variety of techniques applied to both traditional PSG sensors
as well as alternative or minimal subsets of sensors. We review the numerous alternative sensor
types and approaches in Section 4.3, and further discuss automated scoring in Section 4.4. As part
of our review, we also discuss other related topics in Section 4.5, such as automatic PSG scoring
functions built into the polysomnography system’s software suite by the vendor, as well as the

rise of commercially-available home sleep monitoring devices in recent years.
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4.2 Brief History of Alternative Approaches

In 1994, the American Sleep Disorders Association (ASDA; now the American Academy of Sleep
Medicine) published standards of practice recommendations guiding the use of portable monitor-
ing devices [53]. In the published recommendations, the ASDA committee members categorized
the various monitoring approaches into four groups, or types, largely based on the number of
sensor channels used. Per their original definitions, Type 1 monitoring is full-night polysomnog-
raphy, with the typical sensor array we describe in Section 3.3, conducted in a sleep center or lab
and attended by a registered polysomnography technician; types 2—4 are considered “portable.”
Type 2 monitoring uses an equivalent number and type of sensors as Type 1 in an ambulatory
setting, with the additional difference being that the study is not supervised by a technician.
Type 3 monitoring uses at least four sensor channels, with two for ventilatory effort and one for
cardiac monitoring. Type 4 monitoring includes only one or two sensor channels, where venti-
latory airflow or oxygen saturation are commonly used. For all types of monitoring, the ASDA
recommended a minimum of 6 hours of sensor data recording time during sleep.

In 2003, the American Academy of Sleep Medicine published updated practice parameters re-
garding the use of portable monitoring devices for diagosing obstructive sleep apnea (OSA) [36].
This update further refined the definition of Type 2 monitoring as methods that use a minimum
of seven channels, including electroencephalography (EEG), electrooculography (EOG), chin elec-
tromyography (EMG), electrocardiography (ECG) or heart rate, ventilatory effort or airflow, and
oxygen saturation. The updated standard made several specific recommendations, first noting
insufficient evidence to formally recommend the use of Type 2 portable monitoring devices for
diagnosis in attended or unattended settings. The authors further recognized the potential for
Type 3 monitoring to be used in an attended setting to assess severity through the detection of
sleep-disordered breathing events leading to an AHI greater than 15, while also recommending
that Type 3 monitoring not be used in an unattended setting to actually diagnose OSA.

However, the authors of the updated standard did acknowledge some evidence supporting
the use of Type 3 monitoring in an attended, in-clinic setting, given more stringent criteria—
namely, manual event scoring rather than fully-automatic scoring, only using such approaches for
patients without significant comorbidities, the need to refer symptomatic patients for full-night
polysomnography regardless of Type 3 monitoring results, and not using monitoring for titrating
positive airway pressure or conducting split-night studies (introduced in Section 3.4.3). Finally,
they concluded with the recommendation that Type 4 devices not be used in either attended or

unattended settings for diagnosis.
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That same year, a large, systematic review of alternative methods was published by Flemons
et al., co-sponsored by the American Academy of Sleep Medicine, the American College of Chest
Physicians, and the American Thoracic Society [57]. This comprehensive, evidence-based review
of 51 studies further reinforced the recommendations, assessing the study design, repeatability,
avoidance of bias, and reporting of results, summarizing the efficacy of various Type 2, 3, and 4
portable monitoring devices and methods. They noted a diversity of approaches for Type 4
monitoring, with a variety of sensor types, including several mechanisms for assessing oxygen
saturation, heart rate, ventilatory airflow, and even esophageal pressure. They also noted that
16 of the 51 studies used automated scoring as part of the monitoring approach, rather than
manual scoring. Beyond the comprehensive analysis and corresponding recommendations for
future studies, the authors clearly pointed out the need for consistency and standardization of
polysomnography procedures and scoring in all forms, whether using a full PSG sensor array
in an attended clinical setting with manual scoring, or some minimal subset of sensors in an
unattended at-home environment with fully-automated scoring.

In 2007, the AASM Portable Monitoring Task Force again updated the clinical guidelines for
the use of unattended portable monitoring to diagnose OSA [40]. The updated guidelines advise
that portable monitoring should only be used in conjunction with a comprehensive evaluation,
supervised by a board-certified sleep medicine clinician. Furthermore, the authors advise that
portable monitoring is “not appropriate” for diagnosis of OSA in individuals with comorbid sleep
disorders or other significant medical conditions. However, they do note that alternative mon-
itoring approaches may be indicated for individuals with immobility, safety, or illness concerns
that prevent them from being seen for full-night clinical polysomnography. In such cases, the
guidelines clearly advise that such alternative approaches must, at a minimum, include ventila-
tory effort, ventilatory airflow, and blood oxygen saturation, recorded via the same sensors used
in clinical PSG. Furthermore, strict requirements related to the ability to display and manually
review the recorded raw sensor data are mentioned, with the stated intention that a certified
professional conduct a review using scoring criteria from the current AASM standards. These
updated recommendations followed an update to the official scoring criteria that same year [69].

Ahmed et al. published a shorter, independent review of the use of portable monitoring ap-
proaches later that year, noting that such methods had been in use for over two decades [7]. In that
time, the authors report, portable monitoring approaches had been found to correlate well with
clinical PSG, but with misclassification of a significant number of patients, and increased sensor
failure compared to PSG. They note that, despite these shortcomings, such approaches may yet

prove their worth due to increased availability and reduced cost compared to polysomnography.
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The current guidance on alternative approaches to full-night clinical polysomnography is
outlined in an official American Academy of Sleep Medicine position statement published in 2017
in the Journal of Clinical Sleep Medicine. This statement reiterates that “the diagnosis and effective
treatment of obstructive sleep apnea in adults is an urgent health priority” [128]. It continues on
to state that “only a physician can diagnose medical conditions,” while reiterating its previous
guidance that home or portable sleep tests must provide access to the raw sensor data for review
and interpretation by a trained and certified clinician. Furthermore, the position statement outlines
the specific circumstances where alternative methods are warranted—in summary, by physician
order for diagnosis, or evaluation of treatment efficacy, for adults without further complications

who present with OSA symptoms.

4.3 Alternative Approaches

With the historical and current perspective on alternatives to clinical polysomnography in mind,
we turn to our review of the alternative approaches. For approaches that introduce alternatives to
traditional PSG sensors, three broad classes emerge from the literature. The first is comprised of
methods that focus solely on the acoustics of sleep breathing sounds, based on the high incidence
of snoring sounds exhibited by individuals with obstructive sleep apnea, which we explore in
Section 4.3.1. The second group includes those methods that use non-acoustic, movement-based
sensors to track fine movement of the body during ventilation; we survey this group in Section 4.3.2.
A third, more diverse group includes all other mechanisms and sensor types, whether a minimal
subset of existing PSG sensors or close approximants, or some other novel approach for quantifying
the physiological changes during sleep. We review the varied approaches comprising this third

group in Section 4.3.3.

43.1 Acoustics-Based Approaches

In the aforementioned 2003 review by Flemons et al., only two of 51 papers between 1990 and 2001
utilized sleep sounds for sleep-disordered breathing diagnosis [57]. Since then, many studies
using portable acoustic sensors and digital signal processing techniques have been conducted.
These studies explore ways to automate SDB screening and diagnosis by analyzing sleep breathing
sounds, based on the widely-proposed hypothesis that snore signals carry relevant information
about the state of the upper airways, especially the partial or full collapse thereof [3, 19, 43, 55,
71, 86, 117, 143]. Several studies focus on robust snore detection, as snoring is commonly seen as

a possible indicator for the most common form of sleep-disordered breathing, obstructive sleep
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apnea [66, 115]. These studies report on the incidence of snoring, as predicted by a classification
system. Additionally, some attempt to predict the overall sleep-disordered breathing severity,
with varying degrees of success.

Beyond snore detection, numerous studies investigate or otherwise discuss the acoustic and
temporal properties of snoring, to various ends. Wilson conducts a broad assessment of snoring
sound intensity and its correlation to a variety clinical indicators [159]. Similarly, Hunsaker and
Riffenburgh explore the relation between the duration and loudness of snoring and the apnea-
hypopnea index [67]. Matsiki et al. performs wavelet analysis of snoring sounds made during
episodes of obstructive sleep apnea to better understand the nature of changes to the acoustic
signal during disordered breathing [96]. Independent efforts by Hill et al. and Saunders et al.
both attempt to identify the location and manner of snoring—specifically, palatal snoring—from
acoustics alone, rather than via the more invasive nasendoscopy [62, 131]. More generally, Fiz
and Jane survey a wide variety methods for assessing snoring, ranging from clinical procedures
to acoustics-based analysis [56].

These acoustic-based alternative methods use a variety of feature extraction techniques to
generate a compact representation of the underlying acoustic signal. One group of methods
emphasizes the energy of the acoustic signal. Most methods in this group, such as those proposed
by Abeyratne et al. and Karunajeewa et al., compute the root-mean-square (RMS) energy of the
signal as a feature for classification, as it can distinguish ventilatory effort sounds from silence,
or loud snoring from quiet breathing [4, 75]. The RMS energy alone is insufficient, however, to
distinguish quiet snoring from loud, raspy breathing. To reduce confusability among different
ventilatory cycle events with similar RMS energy evident in the corresponding breathing sounds,
several methods consider the energy distribution across frequency partitions, or sub-bands.

For example, methods by Cavusoglu et al., and later, Azarbarzin and Moussavi, calculate
the energy of 500 Hz sub-bands across a 0-7500 Hz frequency range, then calculate the average
normalized energy in each sub-band for each snore episode [14, 34]. These methods use principal
component analysis to reduce the dimensionality of the computed features, and ultimately perform
classification into snore and no-snore classes. Related work by Yadollahi and Moussavi presents
formant analysis of breath and snore sounds, focusing on the energy in much narrower, specific
frequencies rather than wider bands [160].

Another group of acoustic methods extracts energy-independent features from the acoustic
signal. These features are borrowed from automatic speech recognition (ASR) and speech signal
processing techniques, as the underlying signal source (i. e., the upper airway) is common between

speech and sleep breathing sound production. One such method, by Duckitt et al., calculates
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thirteen Mel-frequency cepstral coefficients (MFCCs) with delta and acceleration coefficients, then
uses these extracted features to train a hidden Markov model (HMM)-based machine learning
classifier [49]. The trained HMM is then used classify unseen portions of the signal as breathing,
snoring, silence, or noise. Another method by Ng et al. calculates the first three formant values
using 14"-order linear predictive coding (LPC). The mean and standard deviation of the formant
values are used to estimate a linear decision boundary; the boundary is then used to classify
portions of the signal into snore and no-snore classes [104]. A third method introduced by
Karunajeewa et al. calculates the energy, number of zero crossings, and first LPC coefficient,
then determines the minimum Euclidean distance from a probability density function to classify
portions of the acoustic signal into silence, breathing, and snore classes [75].

Some methods go beyond using traditional ASR features to classify snores, instead using novel
acoustic features to directly predict sleep-disordered breathing events. A prime example is the
“intra-snore pitch jump” (ISPJ]) probability feature introduced by Abeyratne et al. [4]. This new
feature captures the pitch jump that occurs when the upper airway collapses during a snoring
episode. This particular system uses the log energy and number of zero crossings to segment the
signal into snore and no-snore segments, then computes the ISP] probability in the snore segments
to detect sleep-disordered breathing events at sensitivities of 86—-100% while holding specificity at
50-80%. Their novel ISP] feature is based on their own previous work on pitch-jitter analysis of

snoring sounds for OSA event detection [155].

4.3.1.1 Advantages

An acoustics-based approach to sleep-disordered breathing event detection or severity estimation
has significant advantages over clinical polysomnography in terms of cost, patient comfort, and
suitability for more accessible screening of the population. The use of ambient microphones
eliminates the need to physically attach any sensors to the patient’s body. While traditional PSG
sensors require the use of adhesive paste or tape, or elastic bands, cuffs, or other such mechanisms,
to ensure proper placement of a sensor, an ambient microphone can be simply be positioned within
a few feet of the patient, such as on a nightstand or affixed to the wall or ceiling above the bed.
Physically-attached sensors like those used in clinical polysomnography can cause patient
discomfort in several ways. For instance, patients often experience increased localized pressure
when lying directly on a sensor attached to the head, chest, or leg. Additionally, the numerous
wires and tubes connecting the sensors to the PSG data collection system tether the patient to
the bed, restricting movement, potentially inhibiting one’s typical sleep posture or preferred

positioning. Finally, some individuals are susceptible to skin irritation from adhesive paste or
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tape. Clinical experts note that physical discomfort may be a reason why patients sleep differently
at a hospital than at home [109].

In addition to increasing patient comfort, the simple nature of an acoustic data collection
system enables the use of portable analysis devices. Clinical polysomnography is a highly complex
procedure, requiring a substantial amount of training to administer. Some ambulatory, reduced-
functionality PSG devices exist, but still require the use of physically attached sensors and a degree
of training to properly configure and use. In stark contrast, a portable acoustic system could simply
be placed on a nightstand, oriented toward the patient’s head, and operated with a simple on/off
button. Furthermore, many individuals are familiar with basic audio recording devices, and are
capable of performing basic verification of the success of recorded audio by playing back their
own recording and confirming that sleep breathing sounds are indeed audible.

A simple acoustics-based system that is unobtrusive, portable, and easy to operate is well-suited
for more accessible screening or monitoring efforts, potentially reaching a much larger portion of
the population in a cost-effective manner than is currently possible with clinical polysomnography.
The full-night PSG procedure is prohibitively expensive for some, requiring costly equipment,
training, and clinical bed space to administer. At-home acoustic assessment addresses all of these
deficiencies. Portable acoustic equipment is low-cost in comparison and requires minimal training
to operate. Furthermore, performing the assessment in the patient’s home saves hospital bed space
and enables multiple-night studies or even long-term monitoring at minimal additional expense.

Furthermore, the acoustics-based approaches found in the literature typically employ auto-
mated methods of extracting relevant information from the collected data to predict physiological
events. The resulting predictions may be used to identify patients that, for example, have se-
vere snoring and are likely to have obstructive sleep apnea, and would benefit from full clinical
polysomnography. Alternatively, the automatic predictions from acoustic data may be used in
conjunction with PSG as a diagnostic aid, to assist human experts in quickly identifying problem-

atic regions of the overnight study to focus their manual investigation efforts on.

4.3.1.2 Disadvantages

Despite significant advantages, acoustics-based methods also have weaknesses that should be ad-
dressed in future studies. The non-contact nature of acoustic signal collection, while unobtrusive,
is a potential point of failure. The quality of the collected data can be highly dependent on the
position of the patient during sleep. For example, a patient may toss and turn during the night
and end up facing away from the microphone, or otherwise muffle his breathing and snoring

sounds with bedding. This potential liability was considered early on by Lee et al., who further
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explored and reported on the nuanced details of snore loudness, microphone placement, and
at-home audio collection for screening [85].

Additionally, ambient microphones are susceptible to many sources of noise, such as that from
an air conditioner, a television, or nearby automobile traffic. Special care must be taken to eliminate
potential noise sources from the home sleep environment during the screening procedure. Some
forms of noise, such as stationary noise produced by constant-rate fans, can be reduced or removed
during pre-processing; others cannot. Early work in the speech recognition field by Berouti et al.
and others produced relevant methods for spectral subtraction of noise for speech enhancement,
which are promising for the enhancement of sleep breathing noises as well [23, 29].

Furthermore, the use of ambient microphones generally requires that a patient sleep alone dur-
ing the screening procedure. Clinical polysomnography mandates the same solitude, but does not
take place in the patient’s home (where a patient’s bed partner has a reasonable expectation to sleep
in the same bed), and may therefore more tolerable. Here again, techniques from ASR may prove
useful in isolating breathing sounds from one individual in a complex acoustic environment. For
example, work on beamforming by Fischer and Simmer and Mitianoudis and Davies has enabled
audio source separation and speech acquisition in noisy environments [54, 98]. Furthermore,
machine learning approaches paired with specifically-chosen acoustic features have been shown
to improve speech recognition in noisy environments, such as the HMM-based approach using

MECC features [59].

4.3.2 Movement-Based Approaches

The second major group of alternative approaches we review consists of methods that use various
types of movement-based sensors to track physical movement of the body during sleep to identify
disordered breathing. These methods measure the movement of the upper body during ventila-
tory effort using sensors such as load cells under the bed, capacitive fabric electronics in a shirt or
other wearable garment, or even accelerometers embedded in a blanket. As with the acoustics-
based methods, these methods focus on low cost and increased patient comfort as compared to
clinical polysomnography, and are suitable for at-home or portable monitoring use.

The most common sensor in this group is the load cell. Load cells are high-resolution force
sensors that can measure the fine movement of the body caused by the thorax or abdomen
expanding during inhalation, and are even capable of detecting the percussion of the heart beat.
These sensors are typically used in multiples, and positioned under each bedpost (or alternatively,
under the mattress) and continuously measure the applied force at each point. As the patient’s

body makes fine movements during ventilation, the slight differences in force at each point are
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registered by the load cells. After full-night data collection, the data is analyzed to identify periods
of reduced or otherwise atypical breathing effort.

Work by Brink et al. in 2006 introduced the use of load cells under the bed as a viable alternative
to conventional ventilatory effort contact sensors, such as respiratory inductance plethysmography
belts, used in polysomnography for full-night sleep studies [31]. Following studies used load cell
sensor data to track the ventilatory cycle to characterize ventilatory effort during sleep. For
example, Paalasmaa et al. use filtered load cell sensor data to predict the respiratory rate with
high accuracy when compared to a reference airflow pressure signal from polysomnography [110].
This method predicted 95.9% of the individual ventilatory cycle lengths within 0.5 seconds and
98.5% within 1.0 seconds, as compared to the corresponding lengths in the reference PSG signal.
The investigators note the variation in respiratory rate, with periods of disordered breathing
exhibiting higher variability than adjacent periods of typical sleep breathing.

Later studies use the load cell sensor data to train a classification system to identify actual sleep-
disordered breathing events. Similar to the acoustics-based approaches reviewed in Section 4.3.1,
the movement-based methods used in these studies use digital signal processing techniques to
extract features to generate a compact representation of the underlying signals. One such method,
presented by Beattie et al., first calculates the variance, range, and peak amplitude of the sensor
data for each of six load cell sensors. Using class-conditional probabilities learned from fitting
the features from each disordered breathing event class with a multivariate normal density, this
system correctly classified individual disordered breathing samples with a sensitivity of 0.77 and
a specificity of 0.91 [16]. In further work by this same team, a human expert manually scored load
cell-derived ventilatory effort channels, and then corresponding PSG ventilatory effort channels,
with a high level of agreement in the resulting apnea-hypopnea index [18]. This study showed
that load cell sensor data may be used interchangeably with typical PSG ventilatory effort sensor
data, and still give accurate SDB event scoring and severity estimation results.

Beyond event detection, load cells have also proven useful for other related tasks. Along with
the aforementioned work, Beattie et al. demonstrates the use of load cell data for prediction of
sleeper position in the bed, recognizing prone, supine, and left or right lateral decubitus (i.e.,
laying on one’s side or the other) positions [17]. This method depends on the differences in force
measured at different corners or edges of the bed, where, for example, increased force on the left
side as compared to the right side of the bed likely indicates that a sleeping individual is laying on
her right side in a fetal or recovery position, and her thorax and abdomen are applying force from
right to left (as viewed from a top-down perspective, with the head of the bed being “up”) during

inhalation effort. Related work by Austin et al. demonstrates the use of load cells for sleep/wake



34

detection, with a sensitivity of 0.808 and a specificity of 0.812, when compared to gold-standard
sleep/wake annotations from polysomnography [13].

Moving on from load cells, recent advances in materials science have opened the door to
comfortable, more contemporary wearable form factors with embedded sensors. Bello et al.
present an approach that uses a tightly-fitted shirt with capacitive sensors embedded in the
fabric [21]. The shirt uses one chest sensor and two abdominal sensors to gather ventilatory
effort data. The sensors are comprised of two conductive plates with a small gap of elastic
fabric between them, forming a co-planar plate capacitor. When the individual wearing the shirt
inhales, the chest expands, increasing the distance between the conductive plates and decreasing
the capacitance. With minimal post-processing, the shirt-based system gathered nearly identical
ventilatory effort data as traditional PSG sensors. Another method that shows promise introduces
a blanket with embedded accelerometer sensors to track the position and movement of the body
during sleep [102]. The blanket is still in the intermediate stages of design; it has not yet appeared
in the scientific literature as part of a classification system. According to its designers, future
versions may include additional sensors, monitoring biological signals such as temperature or

heart rate in addition to body movement.

4.3.2.1 Advantages

Movement-based sensor methods precisely and accurately measure the patient’s body movement
as it relates to the ventilatory cycle. These methods can detect sleep-disordered breathing events
by determining when the chest or abdomen is not moving in a typical manner during ventilation,
capable of quantifying the reductions or cessations of effort that accompany some forms of dis-
ordered breathing. These methods exhibit the same advantages as the acoustics-based methods
with respect to portability, cost, and ease of use in an at-home screening paradigm.

Load cell sensors placed under the feet of the patient’s bed afford a high level of patient comfort,
and are equally suited to a clinic or home environment. While still effectively in contact with the
patient, other types of movement-based sensors worn as part of a garment or blanket are a marked
improvement over the taped, cinched, or glued sensors from clinical polysomnography due to
their form factor and materials, both in terms of patient comfort and in potential for compliance in
recurring use in an unattended monitoring scenario. Furthermore, compared to the microphones
used in acoustics-based methods, the sensors used in these movement-based methods are more

robust to environmental noise.
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4.3.2.2 Disadvantages

Like the acoustics-based methods, movement-based methods face the challenge of patient move-
ment during sleep. The patient may change position many times during the night. This may
require special consideration by the system processing the sensor data, requiring the use of accu-
rate position detection. The system cannot safely assume that the patient is oriented in a traditional
supine position, and must handle cases where the patient has assumed a non-typical sleep posture
(e. g., entire body rotated to a different orientation on the mattress, curled up in a fetal position).
Furthermore, a worn garment or blanket may become twisted, folded, or otherwise distorted
as the patient moves during sleep. In the case of a blanket, it may even shift to the point of falling
off of the bed, or, in the case of a bed partner, record the ventilatory effort data of both individuals,
further complicating the signal processing and confounding following attempts to use the data
for event detection. Any worn sensor may be susceptible to loss of calibration or sensor failure
in such an event, as the sensor may lose contact with the body or otherwise become improperly
situated; in clinical polysomnography, this risk is mitigated by full-night studies being attended
by a technician. Finally, wearables are likely to have a shorter lifespan due to repeated laundering,
potentially raising long-term costs, and perhaps more importantly, reducing sensor reliability as

garments age and embedded electronics or materials degrade before true failure.

4.3.3 Other Approaches

The third broad category we review includes a wide variety of approaches that use a variety of
sensor types and mechanisms to quantify relevant physiological phenomena during sleep. As
with the acoustics- and movement-based approaches, these approaches generally seek to identify
individual sleep-disordered breathing events, generally describe entire 30-second epochs by event
type, or estimate overall SDB severity. Many of these methods explore the use of minimal subsets
of sensors already included in clinical polysomnography or introduce potential surrogates, and
often include some form of automated analysis.

In our review of the literature, we note that several approaches explore the use of a mini-
mal subset of sensors that provides only the data required to adhere the existing AASM event
scoring guidelines; as we outline in Section 3.6, hypopnea and apnea events are scored based on
reductions in ventilatory airflow, with or without effort, and a corresponding drop in oxygen sat-
uration. Accordingly, we find several approaches based on the use of an oronasal airflow pressure
transducer and pulse oximeter, whether as part of a polysomnography sensor array or a portable,

purpose-built device. For example, Rathnayake et al. perform mixture discriminant analysis of
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single-channel airflow pressure to categorize epochs according to SDB event type [120]. They
note sensitivities and specificities of 71.5 and 89.5% for disease classification for patients with a
respiratory disturbance index (RDI) > 15, and 63.3 and 100.0% for those with an RDI > 5, as
determined from manual scoring of the PSG studies the airflow pressure data was sourced from.

Given the interest in portable monitoring using this specific subset of sensor types, purpose-
built devices, such as the single-channel ApnealLink™ and two-channel ApneaLink Ox™, have
been introduced means of data collection, rather than full-night clinical polysomnography. These
specific devices consist of a nasal cannula attached to a pressure transducer to measure ventilatory
airflow, held in place by a belt worn about the chest; the latter device adds a pulse oximeter to
measure oxygen saturation. Chai-Coetzer et al. and Nigro et al. use these devices for event
detection and severity estimation, with a goal of evaluating their potential for at-home assessment
of sleep-disordered breathing.

Another often-mentioned aspect of polysomnography in the sleep research literature is elec-
troencephalography (EEG), which measures brain activity during wake and sleep. As mentioned
in Section 3.5, EEG data is primarily used for sleep staging; however, researchers have explored
EEG-based approaches for other purposes related to sleep quality or overall severity estimation.
One such method, by Balakrishnan et al., generates a “sleep index” measure based on the time
spent in the various sleep stages (outlined in Section 2.2) throughout the night [15]. Other meth-
ods, such as those reported by Ebrahimi et al. and Mariani et al., use machine learning on EEG
data for automated sleep stage classification [50, 95].

Similarly, the use of electrocardiography (ECG) data has expanded from assessment of cardiac
function to SDB event detection. Roche et al. use wavelet analysis of heart rate variability for OSA
screening; Khandoker et al. similarly use a neural network trained on wavelet-based ECG features
for event detection [77, 126]. In a different approach, Tan-a-ram and Thanawattano perform
apnea event detection via statistical analysis of ECG-derived features [149]. As in the case of the
aforementioned ApneaLink™ devices that offer portable monitoring of ventilatory effort, similiar
devices have been introduced to enable cardiac-related data collection. One such example is the
WatchPAT®, a wrist-worn device that records peripheral arterial tone (PAT), heart rate, pulse
oximetry, and wrist movement data. The peripheral arterial tone is a measure of arterial pulsatile
volume changes, which the device detects via a sensor held in place around the fingertip. In
their published work with the device, Choi et al. note that the automated event detection system
included in the device’s software suite detects sleep-disordered breathing events such as apnea
and hypopnea from the arterial tone data without conventional measurements of airflow and

ventilatory effort, finding this aspect “remarkable” [38].
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In the literature, we also find numerous examples of attempts to enhance—or address specific
weaknesses of—previous approaches. For example, to counter the difficulty of separating sleep
breathing audio from environmental noise, Nobuyuki et al. replace ambient microphones with
a bone conduction microphone in their event detection system based on snoring incidence and
changes in oxygen saturation [106]. Zhang et al. improve wearables by adding ECG, SpO,, and
other sensors to their shirt [172]. In a departure from wrist- or body-worn devices, Westbrook
introduces a forehead-attached multichannel device featuring a pulse oximeter, microphone, and
accelerometer for oxygen saturation and pulse rate, snoring intensity, and head position and
movement, respectively [157].

Finally, some researchers further pursue more exotic techniques to not just reduce sensor
contact during monitoring, but eliminate it completely. One such technique, reported by Falie and
Ichim, uses a depth-mapping time-of-flight camera to monitor sleep and detect OSA events [52]. In
a similarly-motivated fashion, work by Zeng et al. uses Doppler radar and video image analysis for
non-contact sleep/wake detection in rodents [171]. This technology quantifies differences in the
frequencies of reflected microwaves caused by small changes in body position due to movement
during ventilatory effort and translates them into velocity-of-movement information, which is then
fed into a support vector machine-based system as a measure of ventilatory effort to automatically

predict sleep stages.

4.4 Automated Scoring

Current work seeks to not simply supplement typical polysomnography sensors with less obtru-
sive alternatives, but to also explore automated and computer-assisted manual sleep-disordered
breathing event scoring of clinical and home sleep recordings, with an eye toward “scoring as
a service” rather than in-house scoring. This point is apparent from our review of the various
alternative approaches in the previous section, where many investigators introduce algorithmic,
statistical, or machine learning-based methods to identify disordered breathing events or estimate
severity, with or without alternative sensors.

Beyond the specific methods themselves, several published works also address other important
facets of automated approaches, many of which are framed in terms of inter-rater reliability (IRR).
As early as 1986, investigators have conducted reliability studies on automated event scoring, com-
paring the IRR between such methods and traditional manual scoring of polysomnography [145].
Penzel et al. discuss several problems with automatic scoring of sleep-disordered breathing events;

Zammit later concludes there is insufficient evidence for the use of automated and semi-automated
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PSG scoring [112, 170]. These concerns reach beyond event detection, as Norman et al. explore the
impact of omitting SDB events manually scored during epochs of wakefulness on auto-calculated
AHI measures, a circumstance exacerbated by the rise of computer-assisted scoring [107]. To fur-
ther investigate, Malhotra et al. survey the performance of automated polysomnography scoring
versus computer-assisted manual scoring in a clinical setting [91]. Likewise, Alvarez-Estevez and
Moret-Bonillo conduct a comprehensive survey of the numerous “state of the art” methods for
computer-assisted SDB event scoring [8]. Outside of the clinical setting, others focus on assessing
the accuracy of automated scoring of home sleep studies, and more generally, the efficacy of
portable sleep testing [12, 81]. Aside from SDB event scoring, similar also work exists in related
areas, where researchers compare manual versus automated scoring of biosignals [30, 146]. These
and other related investigations commonly use inter-rater reliability as their primary measure of
success of the automated methods.

Inter-rater reliability concerns manifest for reasons beyond misgivings about automated ap-
proaches, however. Sleep medicine professionals also express concern around manual scoring,
as Magalang et al. and Kuna et al. do regarding inter-rater reliability across sleep centers [83, 89].
Even with continuous training and annual accreditation testing to validate reliability, the some-
what frequent updates to the American Academy of Sleep Medicine sleep staging and event
scoring rules open the door to differing interpretations. For example, Ruehland et al. discuss the
impact of the 2007 scoring rule update on the apnea—hypopnea index [130].

Despite this history of concern related to automated methods, more recent literature highlights
new successes that are eroding earlier impressions. With the rise of deep neural networks (DNN’s)
and the appropriate technology to greatly accelerate their computational efficiency, researchers are
applying deep learning to tasks previously only possible for humans to do, such as autonomously
driving an automobile on the highway, or completely revolutionizing fields previously dominated
by other automated methods, as seen by the dethroning of hidden Markov models in the field of
automatic speech recognition.

One specific advancement that the use of deep neural networks has enabled is the possibility
of feature learning, as opposed to feature engineering. Specific DNN architectures called convo-
lutional neural networks (CNNs) use a series of convolutional layers to effectively learn filters
that propagate the most discriminating features of the input data. Rather than depending on
hand-curated features based on human expert domain knowledge, the machinery independently
learns what in the data is discriminating, without one necessarily knowing how it relates to the
task at hand. Other DNN architectures can use the output of CNNs—the learned features—and

use them to predict relevant conditions, such as sleep-disordered breathing events.
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One such example is a hybrid architecture that uses a specific type of recurrent neural network
called a long short-term memory (LSTM) network, where a layer in such a network may have many
long short-term memory cells or nodes. A recurrent LSTM cell is able to remember information
across many steps in a sequence of input, unlike other types of models that are generally only
influenced by the current or one-previous step, allowing longer-term trends in the data to be
learned, and later, recognized by the cell. This architecture, commonly referred to as a CNN-
LSTM network, has proven especially useful for time-series data, where the output or ground
truth label of a given time step is dependent on several previous time steps.

For example, Ordéfiez and Roggen use this type of CNN-LSTM network to independently
learn relevant features from the accelerometer data from a study subject’s smartphone for human
activity recognition, rather than hand-coding frequency-based features as others have historically
done [108]. Supratak et al. present a similar approach for feature learning from EEG data for sleep
staging, noting high levels of agreement with manually-annotated staging by trained human
experts on the same corpus [148]. These and numerous other successes draw attention to the
ability of DNN-based automated approaches to make new inferences of clinical significance
without explicit knowledge of the specific domain they are operating in; they simply need a large
body of data with sufficient examples of the pertinent types or classes to learn from.

In recent years, the number of published works related to problems centered around physio-
logical signals that use deep neural networks has rapidly increased, as expected, given the success
in several domains. In 2018, Craik et al. performed a comprehensive search of published literature
related to EEG classification tasks using deep learning methods, initially resulting in nearly 300
results. After a preliminary review to identify the most complete works, the authors compiled a
survey of the remaining 90 published papers, noting the type of task, signal processing techniques,
and DNN architectures used by each. They noted the application of CNNs to 43% of the tasks,
which included emotion recognition, motor imagery classification, mental workload classification,
seizure detection, event-related potential classification, and sleep stage scoring [42]. Notably, 39%
of all the DNN-based approaches they reviewed used raw or averaged signal values as input,
primarily in more complex CNN-based approaches; other approaches with simpler architectures
(e. g., multi-layer perceptrons or shallow stacked autoencoders) favored the calculated features. At
the end of their review, the authors conclude that deep learning had been “successfully applied”
to these varied EEG classification tasks, and take care point out that hybrid designs incorporating
convolutional layers with recurrent layers, such as in the CNN-LSTM architecture mentioned
above, performed well compared to standard (non-convolutional) designs, especially when given

raw or minimally preprocessed sensor data as input. [42]
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A second large, independent survey of deep learning in physiological signal data by Rim
et al. in 2020 reviewed 147 papers published between January 2018 and October 2019. In their
survey, the authors report that 79 of the works used EEG, 47 used ECG, 15 used electromyography
(EMG), 1 used electrooculography (EOG), and 5 used some combination of those signals for their
classification tasks [125]. Given these findings, we note the success of DNN-based approaches
when applied to closely-related classification tasks using physiological signal data, and—perhaps
more importantly—recognize the need to apply these same deep learning approaches to ventila-
tory effort, ventilatory airflow, and peripherial oxygen saturation data for the task of automated

sleep-disordered breathing event detection.

4.5 Related Topics

We conclude our review of previous approaches in the published literature by briefly addressing
selected related topics that play a part in the clinical acceptance of alternative methods and
devices. These include screening questionnaires, automated scoring functions built into PSG
system software packages, and finally, commercially-available, consumer-oriented home sleep
monitoring devices.

One of the earliest alternatives to full-night polysomnography found in the literature is a paper-
based screening instrument or questionnaire. A systematic review of screening questionnaires by
Abrishami et al. in 2010 concluded that the reviewed instruments yield “promising but inconsis-
tent” results for identifying obstructive sleep apnea [5]. Ramachandran and Josephs offer further
comparison of clinical screening tests for OSA in a similar review [119]. One such questionnaire,
the Berlin questionnaire, has been shown to exhibit many false postives and negatives, leading
Ahmadi et al. to conclude that it “is not an appropriate instrument for identifying patients with
sleep apnea in a sleep clinic population” [6]. Despite known concerns, the Berlin questionnaire
has been used in an attempt to identify at-risk patients [103, 134]. As an alternative, Epstein
et al. recommend that OSA-related screening questions should be integrated into routine health
evaluations by primary care providers [51]. Along related lines, Shrivastava et al. prepared and
published work promoting the value of understanding technical and clinical information in sleep
study reports, in a journal intended for primary care physicians [136].

On the topic of automated scoring functions built into various PSG systems, there is little to
say, as little is published on the inner workings of these tools. We do note the general impression
left on us after inquiring about the existence of such utilities, where RPSGTs anecdotally explain

that some of these tools work well (for example, periodic leg movement detectors), while others
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such as disordered breathing event detectors produce so many false positives that the time and
effort required to review and correct the automatically-generated output is greater than simply
scoring a study manually. This reported underwhelming performance perhaps explains the lack
of mention in the literature, as these tools appear to be largely ignored by their intended audience.

Finally, we address the rise in commercially-available, consumer-oriented home sleep moni-
toring devices. Since their introduction, individual clinicians have generally encouraged the use
of computing technology to promote healthy sleep behaviors [37]. Over the past decade, these
devices have become increasingly available, whether as standalone, single-purpose devices, or
as one of many functionalities of a more general-purpose device. One well-known standalone
device is the Beddit™ Sleep Monitor, which features a slim sensor strip the user places on top
of the mattress underneath the bedding. It uses force sensors—similar to load cells—to quantify
several aspects of sleep, promising “a full picture of your night so you have the information you
need to better your sleep” through “automatic and accurate” tracking of body movements [20].
Such devices are available as commercial, off-the-shelf products at major electronics retailers and
are promoted in marketing materials to the health- or fitness-oriented individual as well as the
casual consumer simply looking to improve their quality of life.

The other, more pervasive variant of such technology is the general-purpose device; the two
most common manifestations are the smartphone with a sleep tracking application installed, and
the smartwatch or smartband. The former is nearly ubiquitious, with the promise of self-service,
a la carte health monitoring and advice—beyond just sleep assessment—just a small purchase
away. The latter is becoming increasingly commonplace, with prime examples being numerous
types of FitBit® devices and the Apple Watch®, offering an increasing repertoire of sleep tracking
functionality with each new product version, in addition to the existing fitness-related features.
Some healthcare institutions and even health insurance providers offer such devices as incentives
to join self-paced fitness or weight loss programs, or lower premiums on coverage if one is willing
to share recorded activity data.

The American Academy of Sleep Medicine directly addresses these types of devices in their
2018 position statement on consumer sleep technology published in the Journal of Clinical Sleep
Medicine. In their statement, the authors introduce consumer sleep technologies (CSTs) as
“widespread applications and devices that purport to measure and even improve sleep” [78].
They note that CSTs are (as of the time of publication) unvalidated against the gold standard of
clinical polysomnography, and lack U.S. Food and Drug Administration (FDA) clearance, yet so
pervasive that patients expect their providers to be familiar with them. As such, the statement

offers guidance to sleep clinicians on approaching patient-generated health data from CSTs in a
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clinical setting. After outlining the disadvantages of CSTs, the statement acknowledges their po-
tential to enhance the patient—clinician interaction in appropriate settings, and suggest that their
ubiquitous nature may “further research and practice” [78]. They ultimately conclude with the
recommendation that additional validation, access to raw data and algorithms, and FDA oversight

are needed to further their acceptance in clinical practice.



Chapter 5

Sleep Signal Corpora

5.1 Introduction

We use two sleep signal corpora of our own creation in this work: a large full-night clinical
polysomnography corpus (described in Section 5.2), and a high-quality, time-aligned audio corpus
collected in parallel with full-night clinical polysomnography (Section 5.3). Figure 5.1 illustrates
these corpora and their relation to approaches presented in this work to accomplish specific tasks.
We highlight the relevant portions of this figure at the beginning of the following chapters and
high-level experiment sections to clearly identify the corpus, approach, and task used in each

chapter or section.

Corpus Approach Task
Rule-based
Clinical Event
PSG detection
Two-stage
HMM
Audio Severity
+ SpOsy estimation

Deep neural
network

Figure 5.1: Corpus—approach-task data flow diagram
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5.2 Polysomnography Corpus

5.2.1 Data Collection

We created a large corpus comprised of historical polysomnography (PSG) studies conducted
at the Oregon Health & Science University sleep lab from March 2013 to April 2014. This date
range was specifically recommend by the attending physician for our historical chart review, as
it corresponded to a period of time with increased physician involvement to ensure high study
scoring quality, increased inter-rater reliability, and adherence to established standards. All
study subjects were patients reporting for scheduled full-night polysomnography, with apnea—
hypopnea index (AHI)-based severity ranging from none to severe.

We reviewed the sleep lab technician summary report for every study in the specified date
range to determine eligibility for inclusion. Our inclusion criteria were: (i) subject age 21-89
years (inclusive) on the day of the study, to align with the National Institutes of Health policy, as
both younger and older patients require additional institutional review board oversight on patient
ability to consent; (ii) subject weight and height at time of study included in the PSG technician
report; (iii) diagnostic (i. e., no oxygen or positive airway pressure titrated) study duration of one
hour or greater, to ensure an adequate amount of unassisted sleep breathing; and (iv) total sleep
time of two hours or greater, as indicated in the PSG technician report. We worked from the most
recent study in the specified date range backwards to the oldest study in the range, assessing 1,000
studies for eligibility. This search yielded 172 studies for inclusion in our corpus. As our historical
chart review was deemed minimal risk by our institutional review board, the requirement for
patient consent was waived.

During later analysis, we excluded an additional five studies due to sensor failure during the
diagnostic portion of the study. Figure 5.2 depicts a modified Consolidated Standards of Reporting
Trials (CONSORT) flow diagram to illustrate the flow of subjects considered for inclusion in the
corpus and later analysis [99]. As our work represents purely diagnostic predictions, and not
true intervention, we omit portions of the flow diagram that are not relevant to our work. Here,
we note that approximately 60% of the patients seen at the sleep lab were pediatric patients
and therefore excluded from further consideration; the remainder of those excluded during our
historical chart review generally did not have a sufficiently-long diagnostic portion of their split-
night polysomnography study.

We used a software utility provided by the PSG system vendor to export the raw sensor data
from the PSG system’s proprietary format to a well-defined open binary file format—the European

Data Format (EDF) [76]. This format is widely used by diagnostic and theraputic medical devices
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Assessed for eligibility (n = 1000)

Excluded (n = 828)
- Did not meet inclusion criteria (n = 828)

Randomized (n = 172)

Analyzed (n = 167)
- Excluded from analysis due to sensor failure (1 = 5)

Figure 5.2: CONSORT flow diagram for the polysomnography corpus

and related software as a default archival file format, or otherwise available as an export file format
option. We also manually recorded the following attributes for each subject during our review of
the PSG technician report: anatomical sex, age in years, height in inches, weight in pounds, and

body mass index (BMI), which is expressed in kg/m?.

5.2.2 Polysomnography Sensor Data

Each full-night polysomnography study used a wide array of sensors attached to the body to
collect data about the subject over the course of the night. Table 5.1 exhaustively lists the actual
sensors used in the collected data in this corpus. Our corpus includes a typical array of sensors
(e.g., EEG, EOG, EMG, ECG, ventilatory effort, peripherial oxygen saturation) commmonly used
in clinical polysomnography; see Section 3.3 for more detailed descriptions of each specific sensor
type and the underlying physiological phenomena they are intended to capture.

Figure 5.3 depicts a 60-second excerpt of relevant sensor data and corresponding disordered
breathing event labels from an actual polysomnography study included in the corpus. This small
subset of five channels—thoracic ventilatory effort (“Direct Thorax”), abdominal ventilatory ef-
fort (“Direct Abd”), oronasal airflow pressure (“PFlow”), oronasal airflow temperature (“Direct
Therm”), and peripherial oxygen saturation (“SpO2”)—are those used by human experts to score
sleep-disordered breathing events, as discussed in Chapter 3. In this excerpt, the central ap-
nea (“CA”) event label visibly aligns with the cessation of ventilatory effort evident in the Direct
Thorax and Direct Abd channels; the small, regular peaks in this time region are the patient’s
heartbeat being detected by the respiratory inductance plethysmography belts. The PFlow chan-

nel indicates little airflow throughout, while the Direct Therm channel indicates a corresponding
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Channel Description Unit Rate (Hz)
F3, F4 Electroencephalography left, right frontal uv 200
T3, T4 Electroencephalography left, right temporal uv 200
C3,C4 Electroencephalography left, right central uv 200
01,02 Electroencephalography left, right occipital uVv 200
M1, M2 Electroencephalography left, right mastoid uv 200
El, E2 Electrooculography left, right uv 200
Chin, Chinl, Chin2 Electromyography chin uv 200
LLeg, RLeg Electromyography left, right leg uVv 200
LArm, RArm Electromyography left, right arm uVv 200
EKG Electrocardiography uVv 200
HR Heart rate beats/min 10
Direct Thorax Thoracic ventilatory effort uVv 200
Direct Abd Abdominal ventilatory effort uv 200
Tidal Volume Ventilatory air volume displacement mL 100
Direct Snore Snore sensor uv 200
PFlow Oronasal airflow pressure mbar 200
Direct Therm Oronasal airflow temperature uv 200
Sp0O2 Peripherial oxygen saturation % 10
Ext SpO2 Peripherial oxygen saturation (external) % 100
tecpO2 Transcutaneous oxygen pressure mmHg 10
tcpCO2 Transcutaneous carbon dioxide pressure mmHg 10
EtCO2 End tidal carbon dioxide pressure mmHg 10
CFlow Continuous positive airway pressure airflow - 100
Plesmo Plethysmography air volume - 100

Table 5.1: Channel name, description, unit of measure, and sample rate for sensors included in
the polysomnography corpus

reduction in temperature variation due to the lack of airflow during the event. Note that the SpO,
channel depicts a desaturation in peripherial oxygen saturation—delayed by several seconds after
the actual cessation of breathing. While the changes in effort and airflow are time aligned with the
SDB event label, the change in SpO; is clearly not. We discuss our specific approach for handling

this issue in Section 6.2.1.4, as an integral part of our first approach at automatic event detection.

5.2.3 Manual Sleep Staging and Event Scoring

As each subject in our polysomnography corpus was an actual patient in the university’s hospital
system, each study was manually interpreted by a trained registered polysomnography technician
(RPSGT) per typical study procedures (listed in Section 3.4), including applying sleep staging
(e.g., wakefulness, REM sleep) and disordered breathing event (e.g., apnea, hypopnea) labels
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Figure 5.3: PSG sensor data sample for a subset of sensors, from top to bottom: thoracic ventila-
tory effort, abdominal ventilatory effort, oronasal airflow pressure, oronasal airflow temperature,
peripherial oxygen saturation, and disordered breathing event labels. The visible cessation of
ventilatory effort is clear evidence of central apnea (labeled “CA”).

in accordance with the American Academy of Sleep Medicine sleep staging and event scoring
rules in effect at the time of the study [69]. The RPSGT first annotated the sleep stage for each 30-
second epoch of the study. Then, disordered breathing event labels were identified and annotated.
Finally, each study was reviewed by a senior RPSGT or physician for correctness and archived for
long-term storage, completing the PSG study.

As with the sensor data, we exported the sleep staging and event scoring annotations from
the proprietary PSG system format to a well-defined, machine-parseable plain-text format. The
sleep staging and event scoring files contain precise stage or event start and end times, along with
a corresponding sleep stage (e.g., “W” for wake, “1” for stage 1) or sleep-disordered breathing
event (e.g., “H” for hypopnea, “OA” for obstructive apnea) label. We later use these event times
and labels as the ground truth for supervised learning in several machine learning-based event

detection and severity estimation experiments, which we present in the next several chapters.
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Sex Count Age (yr) Height (in) Weight (Ib) BMI (kg/m?)
Male 79 53.95(14.71) 7021 (2.94) 223.14 (64.41) 31.85 (9.04)
Female 93 4822 (13.60) 64.82(2.71) 219.62(71.24) 36.81(11.71)
All 172 50.85(14.41) 67.30(3.89) 221.24 (68.21)  34.53 (10.85)

Table 5.2: Mean age, height, weight, and body mass index (with standard deviations) at time of
study for subjects included in the polysomnography corpus, grouped by anatomical sex

5.24 Corpus Analysis

After assembling our corpus, we calculated basic descriptive statistics for the attributes of the
subjects included in the corpus. Table 5.2 lists the mean subject age, height, weight, and body
mass index (with standard deviations in parentheses) for all of the subjects included in the
polysomnography corpus. We then plotted each of these attributes for all subjects grouped by
anatomical sex to get a better feel for the distribution of age, height, weight, and BMI in our corpus.

Figure 5.4 depicts the distribution of each of these attributes for male, female, and all subjects
in the corpus. Figure 5.4a depicts the subject age; recall that our inclusion criteria limits subject
age to 21-89 years, inclusive, at the time of study. Figure 5.4b depicts the subject height in inches;
5.4c, the subject weight in pounds; and 5.4d, the body mass index. Note that the body mass index
classification cutoff values for underweight (< 18.5), normal weight (18.5-24.9), overweight (25.0—
29.9), and obese (> 30.0) are indicated by dotted horizontal lines at BMI values of 18.5, 25.0,
and 30.0 kg/m?, respectively. As all of the study subjects were being seen at OHSU’s sleep lab
for existing conditions related to sleep-disordered breathing, the majority of the subjects were

unsurprisingly overweight to obese according to their body mass index.

5.3 Audio Corpus

5.3.1 Data Collection

As one of our approaches uses acoustic data not typically collected during full-night polysomnog-
raphy, we also created a corpus of time-aligned high-quality audio recorded in parallel with clinical
polysomnography sensor data. We collected the data during routine clinical polysomnography
studies at Oregon Health & Science University’s sleep lab. Trained registered polysomnography
technicians scored each study per the AASM guidelines in effect at the time of the study [69].
A total of 24 adult subjects were recruited by the sleep lab staff over a period of several months
and consented to participate in our data collection effort while being seen in the lab for existing

sleep-disordered breathing-related conditions.
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Figure 5.4: Subject age, height, weight, and BMI values for male (red), female (blue), and all (pur-
ple) subjects in the PSG corpus. BMI classification cutoff values for underweight, normal weight,
overweight, and obese indicated by dotted horizontal lines; subject count per group indicated in
parentheses.
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We recorded uncompressed 16-bit audio at a sampling rate of 16 kHz using a highly directional
microphone (Audio-Technica AT8035). The microphone was affixed to an articulated microphone
stand in the subject’s room and oriented toward the subject’s head when in a supine position.
Audio recordings were made in parallel with typical PSG sensor data during each overnight study.
We manually time-aligned the separate, high-quality audio recordings with the low-quality audio
synchronously recorded by the polysomnography system’s passive infrared video camera with
built-in microphone, thereby time-aligning the high-quality audio with the PSG sensor data. We
further verified the manual alignment by visually inspecting the PSG sensor data during the sensor
calibration process (see Section 3.4.2), as some of the calibration activities (specifically, coughing
or deeply inhaling) produce obvious evidence in the sensor waveforms as well as in the audio
recording, allowing us to confirm the precise alignment of the timing of the two separate sources.

As a critical part of our creation of the audio corpus, we referred to technician annotations on
the scored PSG studies to exclude audio recorded before each subject fell asleep or after he or she
woke up to constrain our analysis to only those ventilatory sounds made during actual sleep. We
also excluded audio that was captured after remedial measures were taken (e. g., positive airway
pressure was titrated or oxygen was administered), as these measures introduce additional airflow
noise in the sleep environment near the subject’s mouth and nose, confounding any attempt to
track airflow from actual ventilatory effort. During later review, we unfortunately noted that
many subjects had very little time asleep before remedial measures were taken, greatly reducing
the amount of audio available for us to include in our corpus. Finally, we also excluded audio
that contained air conditioner, fan, furnace, or television background noise, as these sounds also
hinder our ability to discern actual ventilatory airflow sounds. After considering these factors,
only 6 of the 24 subjects had usable sleep breathing audio. Figure 5.5 depicts the CONSORT flow

diagram for our audio corpus.

5.3.2 Manual Ventilatory Effort Labeling

For each of the six subjects with usable audio, we identified four continuous regions of sleep
breathing audio, each approximately four minutes in duration. We selected these regions from
various times during the night to cover possible differences due to stage of sleep, bed posture,
varied breathing patterns and rates, and episodes of snoring. Additionally, we consulted the
polysomnography data to ensure that a variety of disordered breathing event types—and also
typical, non-disordered breathing—were present in the selected regions of audio for each subject.

We then listened to each region of audio while visually inspecting the corresponding spectro-

gram and manually annotated ventilatory effort labels. Research assistants on our team labeled
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Assessed for eligibility (n = 90)

Excluded (n = 66)
- Did not meet inclusion criteria (n = 30)
- Declined to participate (n = 36)

Randomized (n = 24)

Analyzed (n = 6)
- Excluded from analysis due to background noise (1 = 12)
- Excluded from analysis due to multiple sleepers (n = 2)
- Excluded from analysis due to indiscernible breathing (n = 4)

Figure 5.5: CONSORT flow diagram for the audio corpus

inhalation as either breathing in (B{) or snoring in (57), and exhalation as either breathing out (Bo)
or snoring out (So). Finally, we labeled the remaining portions as no effort (N). Portions with no
visible (in the waveform or the spectrogram) or audible breathing were labeled as N, despite that
the subject was indeed quite likely breathing out at some point before the next inhalation.

Figure 5.6 depicts a brief excerpt of an actual region of high-quality audio and the correspond-
ing spectrogram and manually-annotated ventilatory effort labels from our audio corpus. Note
that a single inhalation or exhalation may consist of more than one constituent type, such as an
inhalation that is characterized by both breathing in and snoring in. Particularly, we observed
many instances of Bi turning into Si, and of Si transitioning to Bi. During manual ventilatory effort
labeling, we restricted a single inhalation or exhalation to include up to three constituent portions.
For example, an inhalation may be as complex as Si-Bi-Si (see Figure 5.6, 1.2-3.0 seconds), but
not Bi-5i-Bi-Si; we based this restriction on the phenomena evident in the spectrogram, where the
relatively short durations of inhalation and exhalation did not exhibit such vascillations between
types within a matter of seconds. We also noted that only one of the six subjects exhibited snoring

during exalation (i. e., So) in the selected regions.

5.3.3 Corpus Analysis

As in Section 5.2.4 for the polysomnography corpus, we calculated basic descriptive statistics
for the attributes of the subjects included in the audio corpus. Table 5.3 lists the mean subject

age, height, weight, and body mass index (with standard deviations in parentheses) for subjects
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Figure 5.6: Original high-quality waveform, spectrogram, and manually-annotated ventilatory
effort labels for a brief excerpt from the audio corpus.

Sex Count Age (yr) Height (in) Weight (Ib) BMI (kg/m?)

Male 4 4350(8.99) 72.33(1.89) 232.67(90.13) 30.71(10.11)
Female 2 4450 (9.50) 64.00 (0.00) 150.00 (17.00) 25.74 (2.92)
All 6 43.83(9.17) 69.00 (4.34) 199.60(81.42) 28.72 (8.41)

Table 5.3: Mean age, height, weight, and body mass index (with standard deviations) at time of
study for subjects included in the audio corpus, grouped by anatomical sex

included in the corpus, grouped by anatomical sex. We again plotted the distributions of each of
these attributes for all subjects.

Similar to the figure for the PSG corpus, Figure 5.7 depicts the distribution of each of these
attributes for male (red), female (blue), and all (purple) subjects in the audio corpus, with median
values indicated by horizontal red lines. Figure 5.7a depicts the subject age; 5.7b, the subject height
in inches; 5.7c, the subject weight in pounds; and 5.7d, the body mass index. Note that again,
the body mass index classification cutoff values for underweight, normal weight, overweight, and
obese are indicated by dotted horizontal lines. The technician report for one of the male subjects
did not include the subject’s height, weight, or BMI; the corresponding subfigures of Figure 5.7

therefore reflect the values for the remaining five subjects with complete technician reports.



53

90 80
80 A
75 7 -
70 ] I
= 60 1 707
Z -
% ®
<< 50 1 ﬁ 65 -
40
60 A
30 A
20 T T T 55 T T T
Male (4) Female (2) All (6) Male (3) Female (2) All (5)
Anatomical sex (n) Anatomical sex (n)
(a) Subject age (b) Subject height
80
500 H
70 T
400 - 60 1
= -1 - &
S & 50
5 300 g
() = -
= E 40
200 ~ 30 1
o 20 -
100 A
T T T 10 T T T
Male (3) Female (2) All (5) Male (3) Female (2) All (5)
Anatomical sex (n) Anatomical sex (n)
(c) Subject weight (d) Subject BMI

Figure 5.7: Subject age, height, weight, and BMI values for male (red), female (blue), and all (pur-
ple) subjects in the audio corpus. BMI classification cutoff values for underweight, normal weight,
overweight, and obese indicated by dotted horizontal lines; subject count per group indicated in
parentheses.



Chapter 6

Algorithmic Rule-Based

Event Detection and Severity Estimation

6.1 Introduction

In this chapter, we apply straightforward rule-based approaches to the tasks of sleep-disordered
breathing (SDB) event detection and severity estimation, using the well-established standard:
the American Academy of Sleep Medicine (AASM) event scoring criteria [69], as presented in
Section 3.6. We first apply our algorithmic rules to the same polysomnography sensor data used
during manual event scoring (Section 6.2). Next, we investigate the performance of the rules when
running a grid search of the rule hyperparameters (Section 6.3). Then, we estimate the overall
SDB severity by generalizing the AASM event scoring criteria to calculate the mean desaturation
from baseline SpO, across the full night (Section 6.4). Finally, we discuss our results and address
the shortcomings of our straightforward, rule-based implementation of the AASM scoring criteria

and our mean desaturation metric (Section 6.5).

6.2 Event Detection from Polysomnography

In this section, we present our rule-based approach for detecting sleep-disordered breathing events
from polysomnography sensor data from our PSG corpus of 172 subjects (described in Section 5.2),
with sleep-disordered breathing severities ranging from none to severe. Figure 6.1 depicts our
corpus—approach-task data flow, and Figure 6.2 depicts the overall architectural design of our
rule-based event detection system. Note that we use the same sensor channels in this approach
that are used in clinical PSG event scoring by human experts: oronasal airflow temperature and
pressure, thoracic and abdominal ventilatory effort, and pulse oximetry to measure peripherial

oxygen saturation, as presented in Section 3.6.

54
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Figure 6.1: Rule-based polysomnography event detection data flow diagram

First, we discuss the preprocessors we use for each type of sensor (Section 6.2.1). These
preprocessors take the raw data from a sensor and transform it into two channels: a processed
sensor data feature and a corresponding sensor confidence measure. Next, we apply event
scoring rules to the extracted features to generate candidate hypopnea and apnea event label
tracks (Section 6.2.2) along with event confidence measures based on the underlying sensor values
and sensor confidences (Section 6.2.3). We then use an event integrator to merge the separate
hypopnea and apnea event label tracks into one integrated label track, given the corresponding
event confidence measures (Section 6.2.3). Finally, we report and discuss our rule-based event

detection results (Section 6.2.5).

6.2.1 Sensor Preprocessing

Before feeding the sensor data to the event detection rules, we first preprocess each sensor’s data
using multiple steps: estimation of baseline (Section 6.2.1.1); calculation of the peak excursion
from baseline (Section 6.2.1.2); and calculation of sensor confidence (Section 6.2.1.3). Additionally,
the peripherial oxygen saturation sensor requires additional calculation to determine the ideal
delay per subject to correctly time-align the SpO, sensor data with the rest of the sensor data (Sec-
tion 6.2.1.4). The resulting peak excursion and confidence channels are then passed to the relevant

rules for event detection.
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Figure 6.3: Raw (blue, with 70% sensor failure threshold in dotted red) and processed (green)
SpO; sensor data, with estimated baseline (dotted gray) and corresponding desaturation (red)
and confidence (solid gray) measures

6.2.1.1 Baseline Estimation

We use a sliding window percentile-based method to estimate baseline values for several sensor
types. This method is robust to transient spikes due to patient movement or arousal from sleep.
For the oronasal airflow temperature and pressure sensors (see Section 3.3.5) and the thoracic and
abdominal ventilatory effort bands (Section 3.3.6), we calculate the 67"-percentile in the running
prior five minutes and record it as the baseline value. Similarly, for the SpO, sensor (Section 3.3.7)
we calculate the 95™-percentile in the running prior two minutes and record it as the baseline
SpO; value. The SpO; sensor samples at a much lower rate (10 Hz; see Table 5.1) as the peripherial
oxygen saturation changes very slowly, therefore a shorter window duration is sufficient. Similarly,
we use a different percentile here due to the steady, non-periodic nature of the underlying signal.

Figure 6.3 depicts the preprocessed SpO; sensor value and the estimated baseline SpO, for
a sample portion of PSG sensor data. The first subplot depicts the raw SpO; sensor data (blue
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solid line) along with the 70% sensor failure threshold (dotted red line). The failure threshold
is empirically derived from non-failure values in the corpus, where values rarely dropped below
80%, and true sensor failure was consistently observed as a 0% SpO- reading. The second subplot
depicts the processed SpO, data after eliminating data where the values dropped below the failure
threshold, along with the baseline (dotted gray line) estimated by using the running two-minute
window. The third and fourth subplot depict the desaturation and sensor confidence measures,

further described in the following subsections.

6.2.1.2 Peak Excursion from Baseline

Using the estimated baseline values, we compute the peak excursion (termed “desaturation” for
SpO;) by first subtracting the preprocessed sensor values from the baseline values. As the event
scoring rules are defined in terms of a percentage drop from baseline (e. g., a 30% drop in peak signal
excursion from pre-event baseline for hypopnea events), we then divide the differences by the baseline
values to yield a percentage, expressed in values ranging from 0.0 to 1.0, where, for example, 0.3
indicates a 30% excursion. From the baseline SpO, estimation, the desaturation value is simply
determined by subtracting the recorded SpO, value from the baseline, as both values are already
percentages. Figure 6.3 depicts this resulting desaturation from baseline (third subplot, red line)

given the preprocessed and baseline values (see second subplot, as described in Section 6.2.1.1).

6.2.1.3 Sensor Confidence Measures

We estimate per-sensor confidence using a posteriori thresholds combined with a slope parameter
to smoothly transition between full confidence (1.0) and no confidence (0.0) when a threshold is
crossed. Figure 6.3 depicts the raw SpO, sensor data (first subplot, solid blue line) with a 70%
threshold superimposed (dotted red line). Where values drop below the threshold, the raw values
are discarded (middle, solid green line). Accordingly, the sensor confidence values reflect failure
by dropping quickly to zero, and rise once the sensor value again exceeds the threshold (fourth
subplot, solid gray line). For the effort sensors, we use a threshold of 97% drop in peak excursion
from baseline to indicate no confidence, as the RIP belts typically drop to zero (i. e., 100% drop)
when they move out of position. During development of our sensor confidence measures, we
found that 5 of the 172 subjects in our PSG corpus had catastrophic failure of one or both RIP belts;

we therefore omit these subjects from the remainder of our work, leaving us with 167 subjects.
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6.2.1.4 Ideal SpO; Sensor Delay

The SpO» sensor requires additional calculation to determine the ideal delay to correctly time-
align the SpO, sensor data with the rest of the sensor data. We calculate the mean localized
ideal SpO» delay, 7, for each subject in the corpus [141]. For each disordered breathing event, we
generate an aperiodic pulse wave with a duration equal to the event duration. Next, we compute
the cross-correlation between the pulse wave and the SpO, desaturation in a five-minute window,
and store the location of the maximum correlation as the localized ideal 7. Finally, we compute
the per-subject mean 7 and use it during preprocessing to shift the SpO, sensor data to time-align
it with the rest of the sensor data.

Figure 6.4 depicts the generated pulse waves and desaturation, and the cross-correlation and
corresponding ideal delay (located at approximately 220 samples at 10 Hz, or 22 seconds). Fig-
ure 6.5 depicts the calculated ideal delay for each manually labeled event across an entire night of

data (approximately 31000 seconds, or 8.6 hours). Figure 6.6 illustrates the distribution of delay
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Figure 6.5: Localized ideal SpO, sensor delay across entire night

times in seconds, with the mean delay time indicated by the red vertical dotted line (22.5 seconds
in this example). We use the mean of these delays as the per-subject ideal delay. During event
detection, we shift the SpO, sensor values for each subject by this computed ideal delay, enabling
our system to effectively “see” the corresponding desaturation as time-aligned with the physio-
logical event (e. g., reduction in ventilatory effort as evidenced by the thoracic and abdominal RIP

belts) during the event detection phase.

6.2.2 Event Detection Rules

We use the preprocessed sensor data and corresponding sensor confidence measure as input to
the event detection rules. The apnea detection rule uses the oronasal thermistor sensor to detect
apnea events (Section 3.6.2). This rule looks for a drop in peak oronasal thermistor sensor signal
excursion by greater than or equal to 90% of the pre-event baseline. The duration of the 90% drop
must be greater than or equal to ten seconds. Once detected, the apnea classification rule then
considers the presence or absence of ventilatory effort, as evidenced by the sensor data provided by
the thoracic and abdominal effort bands, to further classify detected apnea events as obstructive,
central, or mixed (Section 3.6.2.1).

The hypopnea detection rule uses the oronasal pressure and peripherial oxygen saturation
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Figure 6.6: Histogram of localized ideal SpO, sensor delay across entire night

sensor to detect hypopnea events, according to the AASM scoring criteria as discussed in Sec-
tion 3.6.3. This rule looks for a drop in peak nasal airflow pressure sensor signal excursion by
greater than or equal to 30% of pre-event baseline. The duration of the 30% drop must be greater
than or equal to ten seconds. Furthermore, the SpO, sensor must show a desaturation of at least
3-4% from the pre-event baseline, or the event must be associated with an arousal.

Figure 6.7 depicts the components of the hypopnea detection rule. A reduction in peak
excursion of nasal airflow pressure (labeled “PFlow” in this example) from baseline by at least
30% lasting at least 10 seconds, combined with 3-4% desaturation from baseline SpO, triggers the

detection of hypopnea events.

6.2.3 Event Confidence Measures

Along with the detected events, the hypopnea and apnea detection rules each provide an event
confidence measure, much like the sensor confidence measures provided by the sensor preproces-
sors mentioned in Section 6.2.1.3. The event confidence measures are based on the proximity of
the preprocessed sensor value to the decision boundary. If the sensor value is close to the decision
boundary—whether above or below threshold—the confidence is lower. If the sensor value is well

above or below the threshold, the confidence is higher. We use the event confidence measures in



62

1000 A
el
E raw
& 0 A peak
baseline
A -
A
o
2
N _10_
T T T T T T T T T
/-
. /\/\/—\/ / \ \
g 9]
a2 N |
Q.4
S
T

1500 1510 1520 1530 1540 1550 1560 1570 1580 1590 1600
Time (s)

Figure 6.7: Components of the hypopnea detection rule. Reduction in peak excursion of PFlow
from baseline (top subplot) by > 30% for at least 10 seconds, combined with 3—4% SpO, desatu-
ration (middle subplot), triggers detection of hypopnea events.

the next step, event integration.

6.2.4 Event Integration

We use an event integrator to merge the independently-detected hypopnea and apnea events
into a single, unified series of events. We adhere to the AASM criteria and consider potential
events meeting both the hypopnea and apnea event scoring criteria as an apnea event, unless the
corresponding confidence measure of the apnea event is below a given threshold (typically set at
0.5, or 50%), in which case it becomes a hypopnea event. If the confidence of hypopnea and apnea
are both below threshold, the potential event is discarded and the corresponding region of time is

then labeled as no event.

6.2.5 Results

Using the methodology described in Section 6.2, we used our rule-based event detection system on
each study in the polysomnography corpus. Table 6.1 depicts the resulting epoch-level confusion

matrix for all subjects in the PSG corpus. Note that both hypopnea and apnea events are frequently
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Predicted
No event Hypopnea Apnea
o No event 16451 1124 84
;;f Hypopnea 1172 852 0
Apnea 135 219 3

Table 6.1: Rule-based epoch-level event detection confusion matrix for all subjects in the PSG
corpus. Note high confusability between no event and hypopnea.
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Figure 6.8: Inter-labeler epoch-level agreement by severity group, using standard AASM event
scoring rules. AASM accreditation standard of 85% agreement indicated by dotted gray line.

reported as false negatives; apnea events are also incorrectly identified as hypopnea events, or
completely misclassified as no event. We find that our straightforward algorithmic implementation
of the AASM event scoring rules exhibits high specificity (i. e., the probability of true negatives
being correctly predicted), as expected given the ratio of true negative to true positive epochs in
the corpus. Overall, we find that our rule-based system predicts epoch-level SDB event labels
with 86.4% agreement with human experts.

Figure 6.8 depicts our results by SDB severity group. Breaking out agreement by severity
group reveals our system predicts epoch-level event labels for subjects with few true events with

a high level of agreement, easily exceeding the AASM-directed 85% agreement standard for
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Type Channel Hyperparameter Value Search
Start Stop Step

z

Baseline Thoracic effort baseline percentile 67 % 50 80 5 7
estimator baseline window length  300s 120 480 30 12
Abdominal effort baseline percentile 67 % 50 80 5 7

baseline window length  300s 120 480 30 12

Airflow pressure  baseline percentile 67 % 50 80 5 7

baseline window length  300s 120 480 30 12

Thermistor baseline percentile 67 % 50 80 5 7

baseline window length  300s 120 480 30 12

Pulse oximeter baseline percentile 95 % 80 95 5 4

baseline window length  120s 120 240 30 4

Hypopnea Airflow pressure sensor confidence 50 % 35 65 5 7
detector peak excursion 30 % 20 30 5 3
excursion duration 10s 6 12 2 4

Pulse oximeter sensor confidence 50 % 35 65 5 7

desaturation 3% 2 4 05 5

Apnea Thermistor sensor confidence 50 % 35 65 5 7
detector peak excursion 90 % 80 90 5 3
excursion duration 10s 5 15 1 11

Apnea Thoracic effort sensor confidence 50 % 35 65 5 7
classifier peak excursion 90 % 50 95 5 10
Abdominal effort sensor confidence 50 % 35 65 5 7

peak excursion 90 % 50 95 5 10

Event Event sequence apnea confidence 50 % 40 60 5 5
integrator hypopnea confidence 50 % 40 60 5 5
Total 6.6272 x 10" combinations

Table 6.2: Optimal hyperparameter grid search constraints

accreditation. However, as the number of sleep-disordered breathing events per hour increases,
the system yields lower and lower epoch-level agreement results. Epoch-level accuracy for subjects
with moderate SDB is close to the 85% threshold; accuracy for subjects with severe SDB falls short

of acceptable agreement with human experts, with several falling even below 50% agreement.

6.3 Optimal Hyperparameter Search

Given the results of our straightforward algorithmic implementation of the event scoring rules,
we design a secondary experiment using the same rule-based event detection system from the

previous section. We hypothesize that there is an inherent fuzziness to event scoring when
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Type Channel Hyperparameter Value Search
Start Stop Step N

Hypopnea Airflow pressure peak excursion 30 % 20 30 5 3

Pulse oximeter desaturation 3% 2 4 05 5
Apnea Thermistor peak excursion 90 % 80 90 5 3
Total 45 combinations

Table 6.3: Working subset of hyperparameter grid search constraints. Note that only hypopnea
and apnea event detection thresholds are searched; baseline estimator, sensor/event confidence,
apnea classifier, and excursion duration parameters are fixed.

human experts visually integrate the PSG sensor values and apply the AASM scoring rules. In
this experiment, we perform a grid search of the system hyperparameters to identify the optimal
combination of hyperparameters to maximize the accuracy of our rule-based system, specifically
to increase the detection rate of true positive hypopnea and apnea events—a clear shortcoming in
our initial results. Table 6.2 depicts the boundaries of the proposed hyperparameter search space.
Note that the space used by just the baseline estimators is 796,594,176 combinations; the space
used by the hypopnea and apnea detectors is 679,140 combinations. All together, the space used
by the baseline estimators, hypopnea and apnea detectors, apnea classifier, and event integrator is
6.6272x10' combinations. Interestingly, the notion of baseline estimation is the least well-defined

aspect of event scoring.

6.3.1 Results

Given the significant runtime and massive result set from such a search, we present the results for
a more reasonable fixed subset of the hyperparameter search space in Table 6.4. For this subset, we
fix the baseline estimator, sensor and event confidence, apnea classifier, and excursion duration
parameters at the values listed in Table 6.2 (column 4, “Value”). This yields the greatly reduced
working subset depicted in Table 6.3, representing a much more computationally-tractable 45
combinations of hyperparameter values to search, given an average runtime of 20 minutes per
searched combination on all 167 subjects in our polysomnography corpus.

Table 6.4 lists our hyperparameter search results. Starting from a base configuration of a 90%
reduction in oronasal thermistor temperature, 30% reduction in oronasal airflow pressure, and
a 3.0% desaturation, we find statistically-significant 1.2% inter-labeler agreement improvement
when increasing the SpO, desaturation threshold to 3.5 or 4.0%. We surmise that this is indicative

of human expert labelers erring on the 4% side of the “3-4% desaturation” guidance given by
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Type Hyperparameters Agreement
Therm (%) PFlow (%) SpOs (%)

Hypopnea 90 20 2.0 0.778(0.170)

detector 25 0.813(0.174)

30 0.813(0.174)
3.5  *0.837 (0.171)
40 *0.837 (0.171)

25 20  0.806 (0.165)
25 0.830 (0.167)
3.0  0.830(0.167)
3.5  *0.846 (0.165)
40 *0.846 (0.165)

30 2.0 0.824(0.161)
25 0.841(0.163)
3.0  0.841(0.163)
3.5  *0.853 (0.161)
40 *0.853 (0.161)

Apnea 80 30 3.0 0.841(0.164)
detector 85 0.841 (0.163)
90 0.841 (0.163)

Table 6.4: Rule-based optimal hyperparameter search results. Agreement results represent mean
(with standard deviation) epoch-level inter-labeler agreement across subjects (n = 169) in the PSG
corpus. Asterisk (*) indicates significant difference (p < 0.00001) for dependent ¢-test for paired
samples against base criteria approximant in same grouping.

the AASM scoring criteria outlined in Section 3.3.7, also reinforcing our perception of the manual

event scoring process as somewhat subjective.

6.4 Severity Estimation from SpO,

As an extension of our rule-based approach, we consider the minimal subset of sensor information
most relevant to not only the AASM event scoring rules, but to the true underlying issue mani-
festing in sleep-disordered breathing: oxygen desaturation. As some degree of desaturation from
baseline SpO, is common to all forms of sleep-disordered breathing, we hypothesize that there
may be a correlation between the full-night mean desaturation and the apnea-hypopnea index.
To explore this hypothesis, we first estimate the baseline SpO, as described in Section 6.2.1.1.
Next, we compute the desaturation from baseline SpO, (Section 6.2.1.2). This step produces a
continuous desaturation channel, sampled at 10 Hz, across the entire night. Then, we calculate
the mean desaturation for each study in the PSG corpus. Finally, we calculate the correlation (i. e.,

the Pearson product-moment correlation, ) between the mean desaturation from baseline SpO,
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Figure 6.9: Rule-based severity estimation data flow diagram

and the clinically-determined apnea—hypopnea index, to assess the feasibility of estimating overall
SDB severity from the mean desaturation alone. Figure 6.9 depicts this approach at a high level,
notably omitting the detection of individual events. We include this approach in this chapter as it
is highly related to our algorithmic, rule-based approach focusing on domain knowledge, rather
than the machine learning-based approaches we present in later chapters.

As part of this exploration, we also calculate the correlation between constituents of the apnea—
hypopnea index, namely the number of events and the total sleep time (TST), to better understand
which aspect of the accepted clinical measurement of severity is more significant: the frequency
of event, or the amount of time spent asleep. Figure 6.10a depicts the correlation between AHI
and the total number of sleep-disordered breathing events; Figure 6.10b depicts the correlation
between AHI and TST. Notably, the AHI-number-of-events correlation is quite strong (r = 0.942),
independent of the total sleep time. The AHI-TST correlation exhibited only a marginal negative
correlation (r = —0.215). These correlations clearly indicate that the severity measure is dominated
by the average number of events, with little regard to variation in time spent asleep.

Figure 6.10c depicts the correlation between AHI and mean desaturation from baseline SpOs,.
We observe a much stronger correlation between AHI and mean desaturation from baseline
(r = 0.356) than between AHI and baseline SpO, itself (r = —0.189, Figure 6.10d). While not
conclusive, the AHI-mean desaturation from baseline correlation depicted in Figure 6.10c appears

strong enough to have potential for discriminating between subjects with no sleep-disordered



68

600
o
500
2 400 E
5 <
5 £
g 300 A &
(9]
e =
5 200 A =
z =
100 A
0 r=0.941 o r=-0.216
0 25 50 75 100 0 25 50 75 100
Apnea-hypopnea index Apnea-hypopnea index
(a) AHI-number-of-events correlation (b) AHI-TST correlation
_ o 100 {COO@EIm ® © O
X 121
S oD @®® O
Q
cg 10 98 - @@® O
£ o -
e & (€00 @0 o)
- S
g 3, 964 COGO® 0000 o
o) %)
= E 00 00 00 o o
L o
- 1)
g g 944 O 0O @
& O ‘o o
]
o]
g 92
1
= o @ r=0.353 o r=-0.192
0 25 50 75 100 0 25 50 75 100
Apnea-hypopnea index Apnea-hypopnea index
(c) AHI-mean desat from baseline correlation (d) AHI-baseline correlation

Figure 6.10: Correlation between AHI and total number of SDB events, total sleep time, mean
desaturation from baseline SpO,, and baseline SpO,. Pearson product-moment correlation (r)
noted for each pair; individual values colored by SDB severity, with thresholds indicated by
vertical dotted lines.



69

SpO; (%) Accuracy Precision Recall AUC MCC

2.0 0.888 0907 0974 0.570 0.217
25 0.846 0908 0921 0.571 0.150
3.0 0.817 0923 0.868 0.628 0.216
3.5 0.763 0937 0788 0.672 0.245
4.0 0.633 0941 0.629 0.648 0.186
4.5 0.521 0961 0483 0.658 0.196
5.0 0.414 0964 0358 0.623 0.162

Table 6.5: Rule-based SpO, severity estimation results. Note that a decision threshold of 3.5%
mean desaturation from baseline SpO; yields the highest AUC and MCC.

breathing issues, and those with some degree of severity as indicated by the AHI. We further
explore this possibility by running a straightforward decision boundary classification experiment.
For each study in the PSG corpus, we compare the mean desaturation from baseline SpO; to a
pre-determined threshold ranging from 2.0 to 5.0%. Studies with a mean at or above the threshold

are predicted as indicative of SDB.

6.4.1 Results

We compare the predicted and actual classification, where the actual SDB classification was
determined by comparing the actual AHI to the clinical standard for mild SDB (as discussed in
Section 3.7.7). We compute accuracy, precision, recall, area under the curve (AUC) for receiver
operating characteristic (ROC) curves, and Matthews correlation coefficient (MCC) for all studies
for each SDB decision threshold. These results are listed in Table 6.5.

To more readily interpret our findings, we also plot the receiver operating characteristic curves
for prediction of SDB severity from mean desaturation from baseline SpO,. Figure 6.11 depicts
these ROC curves; each individual curve represents one SpO, decision threshold. For example, the
green curve, labeled “3.5” in the legend, indicates a decision threshold of 3.5% mean desaturation
from baseline SpO,. The corresponding AUC value for each threshold’s curve is in noted in

parentheses in the legend.

6.5 Discussion

We find that our rule-based system using straightforward algorithmic implementation of the
American Academy of Sleep Medicine event scoring rules reliably meets the 85% inter-labeler
agreement threshold for accreditation, even before our tuning of the hyperparameters, but leaves

many aspects unexplained. For example, true apnea events are correctly detected less than 1% of
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Figure 6.11: Receiver operating characteristic curves for prediction of SDB severity from mean
desaturation from baseline SpO,. Individual curves represent various SpO, decision thresholds
(e.g., “3.5” indicates a decision threshold of 3.5% mean desaturation); corresponding area under
the curve in parentheses.

the time using our base configuration that precisely replicates AASM scoring criteria; however,
hypopnea events are detected somewhat more reliably, at 42%. Even with the introduction of
more flexibility in the scoring criteria, our hyperparameter search only increases the inter-labeler
agreement by approximately 2% over our base configuration that precisely adheres to the peak
excursion thresholds codified in the AASM scoring manual. Further exploration of the vast
hyperparameter search space might yield further improvements. We also note that we focus
our assessment on the more stringent epoch-level agreement, rather than the predicted severity
group agreement, based on the use of the former in the published literature in the field. We do
recognize, however, that some clinical decision-making is based on the severity; for example, in
an admittedly gross simplification, a patient with an AHI anywhere between 5 and 30 may be
prescribed the use of a CPAP machine, regardless of precise AHI, while a patient with an AHI
less than 5 would not.

Moving on to our straightforward decision boundary classification experiment, we find that a
decision threshold of 3.5% mean desaturation from baseline SpO; yields both the highest ROC area

under the curve and the highest Matthews correlation coefficient. Incidentally, this desaturation
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value also aligns nicely with the clinical PSG event detection threshold of 3-4%; while not directly
comparable, the similarity between individual event desaturation threshold and full-night mean
desaturation threshold is a curious finding. The overall accuracy of the system with the decision
threshold set at 3.5% is marginally acceptable at 76.3%—meaning one in four patients would be
assessed at the incorrect severity level—but does yield good precision at 93.7%.

We surmise that it may be possible to extend the notion of mean desaturation from baseline
SpO; to a more fine-grained approach, for example, extrapolating some measure of the ratio of
threshold-exceeding epochs to non-threshold-exceeding epochs, rather than a single, full-night
mean desaturation measure. Such an approach would likely be well-received by clinicians, as it
more closely adheres to the epoch-by-epoch nature of the existing scoring guidelines. However, it
is not immediately clear that such an approach would provide any advantage over the full-night
measure without introducing additional machine learning algorithms—which still must work to
overcome the “black box” stigma commonly associated with them to gain widespread clinical

acceptance.



Chapter 7

Two-Stage Hidden Markov Model-Based

Event Detection

7.1 Introduction

In this chapter, we build on our earlier work with sleep breathing audio [138, 139, 140], using
minimally-obtrusive sensors and an automatic, two-stage method for (i) classifying breathing
sounds during sleep to track ventilatory effort, and (ii) predicting disordered breathing events
using featured derived directly from the tracked ventilatory cycle, along with the corresponding
oxygen desaturations evident during disordered breathing events. Figure 7.1 provides a high-level
overview of our approach. As discussed at length in Chapter 4, much attention has been paid to
the acoustics of snoring and other sleep breathing sounds by other researchers; we likewise direct
our own attention here in this chapter to explore the possibility of assessing sleep-disordered
breathing without the patient burden of the myriad of physically-attached sensors required for
typical clinical polysomnography.

In the first stage, which we refer to as Stage I, we use acoustic features extracted from high-
quality audio to classify sleep breathing sounds into ventilatory effort classes. We describe our
acoustic feature extraction, ventilatory effort tracking model, automatic effort label remapping,
and Stage I training and testing procedures and results in Section 7.2. Then, in Stage II, we use
features extracted from the output of our Stage I ventilatory effort tracking model, in conjunction
with additional features extracted from pulse oximetry data (in this case, peripherial oxygen
saturation, or SpO;) for use in a separate classifier. We describe our Stage II feature extraction,
event detection model, and training and testing procedures and results in Section 7.3. Finally, we

discuss the overall results of our two-stage approach in Section 7.4.

72
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Figure 7.1: Two-stage HMM-based event detection data flow diagram

7.2 Stage I: Ventilatory Effort Tracking from Audio

For this experiment, we use our own manually-curated audio-plus-SpO, corpus (more fully
described in Section 5.3). This corpus contains high-quality sleep breathing audio recordings made
synchronously during full-night clinical polysomnography for six subjects, allowing us to relate
the acoustics of disordered breathing and snoring with the corresponding oxygen desaturations
recorded by the PSG sensor array, using clinically-derived sleep-disordered breathing event labels
as the ground truth of the underlying physiological state. From the start of this work, we have
envisioned a hypothetical nightstand device with a microphone paired with a small, unobtrusive
wrist-worn pulse oximeter as the eventual data collection mechanism; however, for this actual
experiment, we simply use the SpO, data from the existing PSG system.

Figure 7.2 depicts a brief example from our audio corpus. Recall that we manually labeled the
ventilatory effort evident in the recorded audio as breathing in (Bi), breathing out (Bo), snoring
in (Si), snoring out (So), or no effort (N), as described in Section 5.3.2, while listening to the audio
and visually inspecting the audio waveform and spectrogram. Figure 7.2 depicts the waveform,
corresponding spectrogram, and manually-annotated ventilatory effort labels for a 10-second
example from one of the subjects in the corpus. Note the increased energy and voicing during Si

events due to vibration of soft tissues along the airway during snoring.
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Figure 7.2: Original high-quality waveform, spectrogram, and manually-annotated ventilatory
effort labels for a brief excerpt from the audio corpus.

7.2.1 Acoustic Feature Extraction

In our early published work with a similar, smaller audio corpus for a related task, we investigated
classical features from acoustic signal processing [139]. The corpus contained high-quality single-
channel audio recordings made using a directional microphone oriented toward the head of the
bed, sampled at 16 kHz and stored as original, uncompressed waveforms. We extracted these
features from the audio waveforms using non-overlapping 150-ms frames and a Hanning analysis
window. For each frame, we independently calculated thirteen cepstral coefficients (CC), Mel-
frequency cepstral coefficients (MFCCs), and reflection coefficients from linear predictive coding
(LPC). We then excluded the first coefficient from the resulting CC and MFCC feature vectors,
to make the features energy-independent. In addition, we also calculated and appended first-
order delta features derived from the static coefficient features, yielding a length-26 feature vector
for each 150-ms frame of audio, a common approach in related tasks such as automatic speech
recognition (ASR).

As in our previous work, we find reflection coefficients from linear predictive coding to be

the highest-performing acoustic features in sleep breathing classification; we therefore focus our
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Figure 7.3: Spectral reconstruction of LPC-based features for examples of each ventilatory effort

type. Note similarities in spectral peak locations, and slight shift to lower frequencies during
exhalation.

attention in this current experiment on these features, and refer the interested reader to our
earlier published findings for further analysis of the other types. Figure 7.3 illustrates the spectral
reconstruction of our chosen LPC-based features for representative instances of each ventilatory
effort event type from one subject in our audio corpus. Note that the features focus on modeling
the spectral peaks, with similarities in peak location evident across event types. Also note the
slight shift to lower frequencies during exhalation. We use these LPC-based features as input to

our Stage I model.

7.2.2 Ventilatory Effort Tracking Model Architecture

The first stage of our two-stage event detection system uses acoustic features from sleep breathing
audio to track ventilatory effort. We use a hidden Markov model (HMM) to predict ventilatory
effort state sequences to capitalize on the repetitive sequential nature of typical ventilation, charac-
terized by an infinite cycle of inhalation and exhalation. HMMs model both transition probabilities
from one state to the next, as well as observation probabilities—the probability of observing ev-

idence that supports being in a given state of the underlying hidden Markov process [118]. We
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and one state for the no-effort type (). Stars (x) denote the null state at the start of a ventilatory
cycle. Nulls (@) denote intermediate null states.

assume a priori that ventilatory effort states evidenced by the acoustic features can be learned and
predicted by the HMM, much like phone states in automatic speech recognition applications.

Figure 7.4 illustrates the topology of our Stage I effort tracking model. Each ventilatory effort
type consists of three states per label, while the no-effort type consists of one state, which is
shared following both inhalation and exhalation. Note that the N state is sometimes optional; null
states enable skipping N between inhalation and exhalation. However, N is always present after
exhalation, and before the following inhalation. We arrive at this specific model topology after
preliminary exploration of various numbers of states per effort label, subtypes of no-effort states,
and related aspects in our aforementioned early related work. [139]

When originally creating our audio corpus, we observed many interesting phenomena during
manual ventilatory effort labeling, motivating our Stage | HMM architecture. For example, within
a single inhalation, a breath in may turn into a snore in; likewise, during an exhalation, a snore out
may degrade into a breath out. Additionally, we observed that an inhalation may be immediately
followed by an exhalation, with no intermediate no-effort state. Finally, we account for multiple
short inhalation attempts in rapid succession, separated by brief no-effort states. We observed this
type of phenomenon during obstructive apnea events, when a subject tried repeatedly to breathe
in with limited success. We designed our model to capture these various phenomena, learning

the relevant probabilities during training.

7.2.3 Automatic Label Remapping

We use an automatic label remapping algorithm to transform our manually-applied ventilatory
effort labels into the specific ventilatory effort state names used by our model depicted in Figure 7 .4.

Similar to our previous work, we divide individual episodes of inhalation and exhalation according
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Figure 7.5: Resulting state names after automatic remapping of ventilatory effort labels

to the following rules: (i) if an episode consists of one constituent label, divide the label into three
equal-duration states; (ii) if an episode consists of two constituent labels, divide the longer-duration
label into two equal-duration states, and assign the shorter-duration label to a third state; and (iii) if
an episode consists of three constituent labels, assign each label to a single state, preserving the
original durations of the constituent labels. Figure 7.5 illustrates the resulting ventilatory effort
state names for one inhalation-exhalation cycle after automatic remapping from our manually-
applied ventilatory effort labels. Note that the inhalation, labeled Si-Bi-Si, is a single episode
with three constituent labels; we therefore assign each label to its own state (Si;, Bip, and Si3,
respectively), preserving the original durations. The exhalation episode, labeled Bo, contains one
constituent label, and is split into three equal-duration states, Boi, Bop, and Bos. Note that N labels

remain unchanged by the remapping algorithm.

7.2.4 Training and Testing

To train and test our Stage I model, we use a leave-one-out cross-validation scheme, separating
the data into training and testing sets. For each fold, we hold out one subject’s data for testing,
using the remaining five subjects” data for training. As each subject in the corpus has 16 minutes
of manually-labeled sleep breathing audio, each training set contains 80 minutes of audio, with

16 minutes held out for testing. We cycle through all six subjects, with a different held-out subject
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Figure 7.6: Stage I transition matrix (A) for one training fold

per fold. For each fold, we use the resulting training set to initialize and train a new instance of
the Stage I HMM, and then use the trained model to predict the ventilatory effort state sequence
for the test set.

To initialize the HMM, we first calculate the start probability values 7, representing the prob-
ability of starting in each state, and transition probability matrix A using observed sequences
from the training set. Figure 7.6 depicts an example computed transition matrix for one training
fold. Row labels indicate the current state, and column labels indicate the possible next states.
Transition probabilities from the current state to the possible next state are visually depicted at
row—column intersections, ranging from 0.0 to 1.0; all rows sum to 1.0. Note that So is not present
in this particular training fold, as it is very rare in the corpus; we omit those rows and columns in
the figure for brevity.

Next, using the state-labeled data, we group the frame-level feature vectors (described in
Section 7.2.1) from the training set by state. For each state, we calculate the mean and covariance
of the feature vectors for that state. We use these statistics to fit a Gaussian mixture model (GMM)
for each state, each with two mixture components and full covariance, to model the observation
probabilities B. Figure 7.7 depicts the GMMs for Bi and Si states for the first five (of twenty-six)

features for each state. For each feature, we plot a histogram of the values for that feature, and
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Figure 7.7: Gaussian mixture models for Bi states (top) and Si states (bottom) for the first five LPC
features. Histogram of feature values depicted in light gray; Mixture component KDEs depicted
in light blue, with resulting mixture density estimate in dark blue.
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Figure 7.8: True and predicted ventilatory effort state sequences. Smallest individual labels
represent 150-millisecond frames.

overlay the kernel density estimate (KDE) from the two mixture components in the GMM for
possible values in the feature’s range. We then plot the resulting mixture KDE, which depicts the
combined density estimate of the individual components.

We create a new instance of the HMM and initialize it with the precomputed 7, A, and B
from the training set. We then perform supervised training of the model using the Baum-Welch
expectation-maximization algorithm, feeding the model with frame-by-frame LPC-based features
and corresponding ventilatory effort-based state labels. We train the model for a maximum of
50 iterations, stopping early if the probability of the model given the training sequence does not
improve beyond a pre-defined threshold. Once trained, we use the HMM to predict the most
probable ventilatory effort state sequence for the test set, given the model, using the Viterbi search
algorithm. We record the predicted state sequences, and also map model state names back to
ventilatory effort labels and then merge identical adjacent labels to enable direct comparison to

the original, manually-labeled sequences.

7.2.5 Results

Figure 7.8 depicts the true (top) and predicted (bottom) ventilatory effort state sequences for a

10-second example from one test subject. We find that our Stage I model tracks appears to track the
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True Predicted

Bi1 Biz Big B01 BOZ B03 N Si1 Si2 Sig

Biy 204 20 7 66 27 17 289 349 535 313
Bip 9 18 13 22 24 64 109 19 73 253
Bis 1 13 11 10 11 70 266 0 22 182
Boq 83 78 31 223 138 183 882 123 276 115
Boy 6 33 112 33 125 383 1065 3 81 306
Bos 7 12 75 90 45 381 1791 0 18 43
N 849 798 339 570 281 1147 14994 472 505 35
Siy 50 1 3 25 6 7 165 169 1184 349
Sip 6 0 16 8 2 17 246 90 1630 1363
Sis 2 5 35 16 1 8 1225 6 732 1458

Table 7.1: Aggregate confusion matrix of true versus predicted frame-by-frame HMM states. Note
confusability of N with various forms of quiet breathing.

ventilatory cycle fairly well. We observe some confusability at the edges of effort types, and also
where very quiet breathing is indistinguishable from no effort. We also note some mistracking of
the cycle, with one episode of inhalation incorrectly predicted as following another, without an
intermediary exhalation, rather than correctly as an inhalation followed by an exhalation.

In previous work, we introduced discrete no-effort labels to describe N between an inhalation
and exhalation (Nio) and between exhalation and inhalation (Noi), to help address this tracking
issue by increasing the probability of preferred transitions. We also introduced Nii to describe
N between successive attempts at inhalation (as discussed in Section 7.2.2), and Noo for the same
during exhalation. However, when replicating this extended topology in this experiment with
tied GMM emission probabilities for all types of N, we observed lower frame-by-frame accuracy.
During review of the development data set producing these results, we noted many instances
in the labeled audio where very quiet exhalation (i. e., Bo) was simply not discernable, and was
labeled as some form of N. In these circumstances, a true Bi—-Nio—Bo—Noi—Bi cycle was labeled as
Bi-Nii-Bi (with the Nii label having a duration of many seconds, rather than milliseconds), despite
the episode not corresponding to a disordered breathing event and it in all likelihood simply being
very quiet breathing out followed by breathing in. We found that the transition probabilities biased
the model, leading us to eliminate the four discrete no-effort states, and simply use one N state.

Table 7.1 depicts the aggregate confusion matrix across all subjects, compiled from the longer
frame-by-frame state sequence predictions by our Stage | HMM. We find that N is frequently
incorrectly predicted as breathing in or out (row labeled by N); likewise, breathing in and out is
incorrectly predicted as N (column labeled by N). We also find that breathing in (rows labeled by
Bi) is quite frequently predicted as snoring in (columns labeled by Si). We hypothesize that this is
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Figure 7.9: Stage I model prediction accuracy by label granularity. Distributions reflect prediction
accuracies for 24 four-minute recordings (6 subjects times 4 sequences per subject). Median
accuracies indicated by red lines.

due to breathing in some subjects looking more (in feature space) like snoring in other subjects in
the training set. However, we do also observe that snoring is generally predicted well as snoring
(bottom right cells of the table), with some blurring of the constituent state lines. Finally, we
find that our Stage I model is well-behaved, with few unexpected spurious transitions, such as an
inhalation abruptly turning into exhalation mid-episode.

To better understand the confusion results, we move beyond the state-level predictions and
report our model prediction accuracy for several groupings, or granularities, of states: state
granularity, the actual fine-grained HMM state names listed in Table 7.1; ventilatory effort label
granularity, where HMM state names are merged into one effort label (e. g., Bi1, Biy, and Biz become
Bi); breath/snore granularity, where Bi and Bo effort labels are grouped into a more generic B
label, and Si and So into S; inhale/exhale granularity, where Bi and Si are grouped into a more
generic  label, and Bo and So into O; and finally, a very coarse effort/no-effort granularity, where
all effort types aside from N are grouped into a high-level E label. By grouping related labels, we
are able to better assess the model’s ability to track ventilatory effort, beyond what the individual

HMM state sequence prediction indicates.
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True Predicted
Bi Bo N S True Predicted
Bi 374 319 733 1591 B S N
Bo 689 1513 3827 712 B 2895 2303 4560
N 2095 2030 15287 578 S 227 6682 1916
Si 124 103 1916 6682 N 4125 578 15287
(a) Ventilatory effort label granularity (b) Breath/snore granularity
True Predicted
I 0 N True Predicted
I 8771 422 2649 E_N
O 1401 1513 3827 E 12107 6476
N 2673 2030 15287 N 4703 15287
(c) Inhale/exhale granularity (d) Effort/no-effort granularity

Table 7.2: Confusion matrices for ventilatory effort label, breath/snore, inhale/exhale, and
effort/no-effort granularites

Figure 7.9 summarizes our mean Stage I model prediction accuracy by label granularity. Each
distribution reflects the prediction accuracies for all six subjects in the audio corpus, each with four
audio recordings of approximately four minutes in duration. Our Stage I model yields mean frame-
by-frame accuracy of 0.505 at the HMM state sequence granularity (labeled “State” in the figure).
Our grouped label granularities yield the following mean accuracies: 0.618 for the ventilatory
effort label granularity (labeled “Label”); 0.645 for the breath/snore (“B/S”) granularity; 0.663
for the inhale/exhale (“1/0O”) granularity; and 0.710 for the effort/no-effort (“E/N") granularity.
Table 7.2 depicts the corresponding confusion matrices for each of these granularities. In all of
these alternative groupings, confusability between quiet breathing and no effort accounts for a

majority of the frame-by-frame prediction error.

7.3 Stage II: Event Detection from Ventilatory Effort and SpO,

As our ultimate goal is not ventilatory effort tracking, but rather disordered breathing event
detection, we build upon Stage I and add a second stage that uses features extracted from the
output of our Stage I ventilatory effort tracking model, in conjunction with additional features
extracted from peripherial oxygen saturation (SpO;) sensor data. Recall that our high-quality
audio recordings of sleep breathing sounds were recorded synchronously during full-night clin-

ical polysomnography (as described in Section 5.3.1), giving us time-aligned SpO; sensor data
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and corresponding sleep-disordered breathing (SDB) event labels. In Stage II, we use a second
hidden Markov model to predict these SDB event labels using features derived from the predicted

ventilatory effort labels from Stage I and corresponding changes in SpO»,.

7.3.1 Ventilatory Cycle Feature Extraction

When scoring polysomnography studies, trained clinicians and PSG technicians evaluate ventila-
tory effort, airflow, and peripherial oxygen saturation (SpO;) data to identify disordered breathing
events, looking for a reduction in or cessation of breathing effort or airflow and a correspond-
ing drop in blood oxygen saturation, in accordance with American Academy of Sleep Medicine
guidelines, as presented in Section 3.6. With these criteria in mind, we create new feature vec-
tors for Stage II by extracting ventilatory effort features from the output of Stage I, incorporating
additional SpO, features extracted from the polysomnography data.

During manual labeling of respiratory effort (described in Section 5.3.2), we noted changes
in ventilatory effort label duration during disordered breathing events such as hypopnea (H),
obstructive apnea (OA), or central apnea (CA), when compared to typical breathing (“-” for no
event) of that same effort type. Figure 7.10 depicts ventilatory effort label durations wholly
contained within a given disordered breathing event. The numbers in parentheses next to each
SDB event label on the x-axes indicate the number of instances of that ventilatory effort type
within the corresponding type of event. Note the shortening of inhalation and exhalation episode
duration during disordered breathing events. The ventilatory effort durations during central
apnea events represent effort at the beginning or end of the event, as there is no effort during the
majority of the labeled event.

Based on this finding, we create duration-related ventilatory effort features for use by our
Stage Il model. Using the predicted ventilatory effort labels from Stage I, we extract the duration
of the current ventilatory effort label to create a one-hot duration vector for each 150-millisecond
frame. In this design, only one of the five possible effort labels (Bi, Bo, N, Si, So) can be “hot”
(i. e., non-zero) per frame. The value of the one “hot” feature is the duration of the current “hot”
ventilatory effort label; the values of the remaining four “cold” effort duration features for the
frame are set to zero.

Along with the duration features, we extract SpO, desaturation features from the time-aligned
polysomnography data. First, we estimate a single baseline SpO, value per subject by computing
the 95t-percentile SpO, value in a running two-minute window, as we describe in Section 6.2.1.1
for our rule-based system. Next, we compute a desaturation from baseline value for each frame,

where desaturation is defined as the baseline minus the observed SpO; value. Finally, we append
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episodes, grouped by containing disordered breathing event type. Note shortening of episode
duration during disordered breathing events (H, OA, CA) compared to during no event (“-”).
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Figure 7.11: Stage I ventilatory effort labels, SpO, desaturation, corresponding Stage II duration
and desaturation feature vector, and disordered breathing event labels (hypopnea in orange,
surrounded by no event) for a 30-second (i. e., 200-frame) excerpt of training data

this desaturation value to the one-hot duration vector to form the feature vector for each frame,
yielding six feature values per frame. We normalize the features on a per-feature basis by dividing
by the maximum value for each feature.

Figure 7.11 illustrates the Stage I ventilatory effort labels, desaturation from baseline SpO,,
corresponding Stage II duration and desaturation feature vector, and disordered breathing event
labels for a 30-second excerpt of training data. Note the shorter-duration episodes of snore in (5i)
during the hypopnea event, indicated visually in the feature vector by lighter blue Si compared to
the darker blue Si preceeding and following the disordered breathing event; a similar shortening
of no effort (N) between exhalation and inhalation is also evident during the event. The shortening
of the Si appears when the snoring in changes to a different variant of inhalation, characterized by
an initial few frames of breath in immediately changing into snore in. Once the event concludes,
the inhalation pattern returns to the pre-event variant. The hypopnea event also corresponds to a

3—4% desaturation, meeting the AASM scoring guidelines for hypopnea presented in Section 3.6.3.
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Figure 7.12: Stage Il HMM topology with one state per disordered breathing event type (H, OA,
CA) and one state for typical breathing with no event (“-”).

7.3.2 Event Detection Model Architecture

We create a new, second-stage hidden Markov model to predict disordered breathing events during
sleep. Figure 7.12 illustrates the topology of our Stage Il model. In this stage, the possible states

“" o

represent observed disordered breathing event types: no event (“-”), hypopnea (H), obstructive
apnea (OA), and central apnea (CA). Other event types, such as mixed apnea or hypopnea, are
possible but are not present in our audio corpus. We use one state per event type, with null states
allowing one disordered type to transition to another without an intermediate no event. Likewise,
self-loops permit staying in one state for many frames in a row. As in our Stage I HMM, we use a
Gaussian mixture model with two mixture components to model the observation probabilities in

our Stage Il model.

7.3.3 Training and Testing

As in Stage I, we use a leave-one-out cross-validation scheme, replacing the Stage I ventilatory
effort HMM with the Stage II disordered breathing event HMM, and using the Stage II duration
and desaturation feature vectors as input. For each fold, we hold out data from one subject
for testing, and use the data from the remaining five subjects to initialize and train the model
in a similar fashion as we describe for our Stage I model in Section 7.2.4, for a maximum of 50
iterations. Once trained, we predict the disordered breathing event label sequence for the held-out

test subject and record the results for comparison with the true event labels.

7.3.4 Results

We evaluate Stage Il model accuracy in a similar manner as in Stage I, with two levels of granularity:
fine- and coarse-grain accuracy. For fine-grain accuracy, we leave events as is, allowing all four

possible event labels. For coarse-grain accuracy, we combine all disordered events into one generic
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Figure 7.13: Stage II model prediction accuracy for fine granularity (with discrete disordered
breathing event types) and coarse granularity (with all event types collapsed into one generic
event). Median accuracies indicated by red lines.

disordered event label, to evaluate the potential for identifying typical breathing versus disordered
breathing. Figure 7.13 depicts our Stage II model prediction fine- and coarse-grain accuracy. We
find essentially no difference between the two granularities, with mean accuracies of 0.658 and
0.659, respectively. This indicates that the various types of disordered breathing events—i. e., the
labels being collapsed in the coarse granularity—are generally not confusable for each other.

In reviewing the true and predicted event labels for individual sequences in the test set, we
find that our Stage II model generally predicts (i) entire (approximately) four-minute contiguous
sequences as entirely no event, which is largely accurate for those sequences; (ii) mostly no event,
with very few sporadic frames of the correct disordered event type; or (iii) mostly some form of
disordered event type, with very few sporadic frames of no event. In the first case, subjects with
little to no disordered breathing exhibit high accuracy, raising the overall mean accuracy. In the
second case, subjects with one or more disordered breathing events (each at least 10 seconds in
duration) have some frames correctly predicted during actual events, but not for the entire duration
of each event. In the third case, subjects with or without disordered breathing events have large

portions incorrectly predicted as disordered, when in truth there is no event, lowering the overall
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True Predicted
. CA H OA True Predicted
- 23272 3302 8320 O - E
CA 121 0 7 0 - E
H 309 30 0 0 - 23272 11622
OA 0 0 0 0 E 430 37
(a) Fine granularity (b) Coarse granularity

Table 7.3: Confusion matrices for fine and coarse granularites

mean accuracy of the system. Given that our audio corpus has a fairly uniform distribution of
sleep-disordered breathing severities among subjects, with corresponding incidence of disordered
breathing events, our Stage II event prediction accuracies fairly uniformly range from 33 to 100%.

Overall, we find that our Stage II model exhibits a high incidence of false positives, with no
event very frequently being predicted as some form of disordered breathing event; however, there
are relatively few false negatives. Table 7.3 depicts the confusion matrices for the fine- and coarse-
grained variants. Note the large number of no event (row labeled “-” in Table 7.3a) predicted
as central apnea (column labeled “CA”) or hypopnea (“H”). Moreover, note the tendency of the
model to confuse true CA and H events with no event, rather than with some other type of

disordered breathing event.

7.4 Discussion

We find that our Stage I ventilatory effort model tracks the ventilatory cycle fairly well, with 71%
frame-level accuracy. Given that some slight alignment differences at the start or end of individual
episodes of inhalation or exhalation lower accuracy, but do not constitute a significant issue, we
find that our chosen linear predictive coding-based acoustic features are sufficient to characterize
different types of ventilatory effort. Overall, our system detects episodes of ventilatory effort
with acceptable accuracy. Except in the case of very quiet breathing, an acoustic-only monitoring
system may prove capable at detecting cessations of breathing evident during central apnea with
high accuracy.

We also find that, for our specific audio corpus, very quiet breathing is acoustically indistin-
guishable from no effort at all. Despite selecting purpose-built audio recording equipment with
a low noise floor and highly-directional microphones to help reject off-axis environmental noise,
human labelers and our hidden Markov model-based classifier alike cannot reliably discern the

difference between these two types. For individuals with no disordered breathing events who also
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exhibit no snoring or snore-like breathing, our system would have difficulty correctly tracking the
ventilatory effort cycle with any degree of accuracy.

We do note that our system accurately identifies snoring over 75% of the time, outperforming
identification of non-snore breathing. As snoring is often associated with obstructive sleep ap-
nea, this finding is encouraging. We also find that our system does distinguish inhalation from
exhalation quite well; however, exhalation is often confused with inhalation—specifically, slightly
louder, more audible breathing out is confused with typical, non-snore breathing in. Given these
two desirable attributes of our system, we speculate that an HMM-based system using acoustic
features that primarily focuses on tracking inhalation characterized by snoring-like sounds may
yield better overall tracking of the ventilatory cycle than our existing system that tries to model
both breathing and snoring during both inhalation and exhalation. As sleep-disordered breath-
ing generally manifests during inhalation, the need to carefully track exhalation is possibly less
necessary than we anticipated when first designing our model.

Moving on to our Stage II classifier, we find that the durations of various types of ventilatory
effort are somewhat informative (as evidenced by the shortening of some types, as depicted
in Figure 7.10), but perhaps not distinguishing enough—especially across subjects—to clearly
identify disordered breathing. We speculate that the desaturation of peripherial oxygen saturation
is the most distinguishing factor when predicting SDB events, as it is consistent across subjects.
Recalling the AASM event scoring criteria, we further speculate that the difference from some
baseline duration, or even the rate of change of the effort durations, may prove more useful. We
also recognize the need for additional data with labeled ventilatory effort that also coincides with
true disordered breathing events. Due to the nature of the clinical environment our subjects were
in during data collection for our audio corpus, the dearth of noise-free regions of audio negatively
impacted the amount of usable audio, reducing our corpus from 23 subjects to 6.

Finally, we address the possibility of sleep breathing audio standing in as a surrogate for ven-
tilatory effort measurements made using respiratory inductance plethysmography belts fastened
about the thorax and abdomen. We find that, when audible, breathing sounds are sufficient to
quantify ventilatory effort, such that episodes of effort are distinguishable from no effort. This
gives support for pursuing unobtrusive, non-contact methods that increase patient comfort by
reducing the number of attached sensors required to assess sleep-disordered breathing. Further
work is required, however, to determine if an acoustics-based method is sensitive enough to repli-
cate the combination of a RIP belt and oronasal airflow sensor to indicate reduction in effort or a

reduction in airflow.



Chapter 8

Deep Neural Network-Based

Event Detection and Severity Estimation

8.1 Introduction

In this chapter, we present three deep neural network (DNN)-based approaches for event detection
and overall sleep-disordered breathing (SDB) severity estimation. First, we present two distinct
approaches for event detection: a feed-forward DNN model that predicts the dominant SDB event
label for each 30-second epoch (Section 8.2), and a sequence-to-sequence DNN model that maps
the time-series sequence of input sensor data to the corresponding SDB event labels (Section 8.3).
Then, we present an SDB severity predictor that considers large portions of the entire night
of sensor data to make an overall sleep-disordered breathing severity prediction, similar to the
apnea-hypopnea index (Section 8.4).

Our three DNN-based approaches explore a continuum that varies from most aligned with
established clinical practices and informed by human expertise, to fully automated with dis-
criminating features learned by the machinery. Our feed-forward model uses the same human-
engineered features used in our rule-based system that are in turn derived from the American
Academy of Sleep Medicine (AASM) scoring guidelines. Conversely, our sequence-to-sequence
model uses feature learning, using a convolutional neural network (CNN) to learn and encode
features directly from the raw polysomnography (PSG) sensor data, combined with a long short-
term memory (LSTM)-based model to decode those features and translate them into disordered
breathing event labels. This second approach eliminates feature engineering, but still predicts
individual event labels much like human expert event scoring. Finally, our full-night severity
predictor translates raw PSG sensor data directly to a single severity estimation value, without

predicting individual event labels en route.
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Figure 8.1: DNN-based event detection data flow diagram

8.2 Feed-Forward Event Detection

In this experiment, we use a feed-forward deep neural network to predict sleep-disordered breath-
ing events on an epoch-by-epoch basis from full-night clinical polysomnography, as depicted by
Figure 8.1. Starting with basic preprocessing (Section 8.2.1), we extract features from the PSG sen-
sor data (Section 8.2.2) based on the clinical scoring standard. Next, we construct a fully-connected
feed-forward DNN model (Section 8.2.3) and train it using the extracted features (Section 8.2.4).
Then, we use the trained model to predict SDB events for unseen subject data and report the

results (Section 8.2.5).

8.2.1 Preprocessing

As the data used in this experiment were collected during routine full-night clinical PSG, we
minimally preprocess the data to exclude time before lights out and after lights on (see Section 3.7.8)
to eliminate atypical noise from the audio recordings (e. g., verbal instructions from the technician
during PSG sensor calibration, post-study discussion).

Additionally, we only include data from the first hour of sleep starting at the sleep onset (i. e.,
the start time of the first clinically-scored 30-second epoch of sleep). As many of the patients
presenting to the sleep lab for polysomnography studies had some degree of sleep-disordered

breathing, a substantial number of the PSG studies in our corpus found sufficient evidence of SDB
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Channel Description Unit Rate (Hz)
Direct Thorax Thoracic ventilatory effort uv 200
Direct Abd Abdominal ventilatory effort uv 200
PFlow Oronasal airflow pressure mbar 200
Direct Therm  Oronasal airflow temperature uVv 200
SpO2 Peripherial oxygen saturation Y% 10

Table 8.1: Channel name, description, unit of measure, and sample rate for sensors used in the
feed-forward event detection experiment

within the first hour or two of sleep, and then quickly transitioned to determining the efficacy of
intervention (e. g., repositioning the body to keep the airway open, titration of continuous positive

airway pressure or oxygen). We discuss these split-night studies in greater detail in Section 3.4.3.

8.2.2 Feature Extraction

For this experiment, we extract straightforward features from the sensor channels listed in Table 8.1
based on the AASM event scoring rules, using the same approach presented in Section 6.2.1 in
our rule-based system. First, we estimate the running baseline for the thoracic and abdominal
ventilatory effort, the oronasal airflow pressure and temperature, and the peripherial oxygen
saturation sensor channels (Section 6.2.1.1). We then calculate the peak excursion from baseline
for each of these channels (Section 6.2.1.2). As before, the peripherial oxygen saturation sensor
requires additional calculation to determine the ideal delay per subject to correctly time-align the
SpO; sensor data with the rest of the sensor data (Section 6.2.1.4).

Given a sample rate of 10 Hz for the SpO, sensor, we consider 100 milliseconds the minimum
window length for feature analysis to ensure we include at least one sample from the oximeter per
analysis window. We analyze the computed ventilatory effort (thorax and abdomen) and oronasal
airflow (pressure and temperature) sensor peak excursion values using a non-overlapping 100 ms
sliding window on these four 200 Hz channels, yielding 20 discrete values per sensor channel,
and summarize those values by computing the root-mean-square (RMS) energy and absolute peak
of the analysis window. We create a feature vector for each 100 ms analysis window consisting
of the resulting eight values (RMS energy and peak, for each of the four sensor channels) plus
the corresponding single SpO, desaturation value, yielding a vector of nine values per 100 ms
window. Figure 8.2 depicts this approach.

As we intend to predict SDB events on an epoch-by-epoch basis in this experiment, we gather
9 values per 100 ms window times 10 windows per second, yielding 90 values per second. Using

a standard event scoring epoch duration of 30 seconds, we arrive at 2,700 values per 30-second
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Figure 8.2: Raw sensor data for one 30-second epoch, with 100 ms analysis window (at dotted line
in left subplot) depicted in the right subplot (between dotted lines). The peak and RMS energy
of the 20 values in the analysis window are calculated for the four effort and airflow sensors, and
combined with the single SpO; value to form the feature vector.

epoch. We then use each epoch consisting of 2,700 values as a single input vector to our DNN
model during training and testing. We record the longest label present in the epoch as the event

label for the epoch.

8.2.3 Feed-Forward Model Architecture

Figure 8.3 depicts our feed-forward event detection DNN model architecture. Our model generally
uses an input layer fully connected to one or more dense hidden layers, where each hidden layer
uses a rectified linear unit (ReLU) activation function, ultimately connected to an output layer that
uses a softmax activation function to predict disordered breathing event probabilities. We use the
softmax probabilities to determine the most likely SDB event for each epoch; the event type with
the highest probability is recorded as the predicted event for that epoch.

We explore several model capacities to determine the optimal topology for our event detection
task. During our exploration, we vary both the number of hidden layers in the DNN as well as

the number of nodes per layer. Table 8.2 lists the various capacities we explore. Note that, in
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Figure 8.3: Feed-forward event detection DNN architecture

this experiment, we fix the number of nodes in the input layer L; at 2,700—one per value in the
input vector, per Section 8.2.2 above. We use a guideline of a minimum of 10 input values per
node to determine the upper limit on the number of nodes in the first hidden layer (L), giving
a maximum of 270 nodes. For each additional hidden layer, we explore 1:1, 2:1, and 4:1 ratios,
giving 270, 135, and 67 nodes respectively. We use these three capacities in the first hidden layer
as well, giving L1—L, node ratios of 10:1, 20:1, and 40:1. Finally, we also fix the number of nodes in
the output layer Ls at 6—one per possible disordered breathing event type present in our corpus,
where the six possible event types are obstructive hypopnea, mixed hypopnea, obstructive apnea,
central apnea, mixed apnea, and no event.

Table 8.2 also lists the number of trainable parameters P for each explored model capacity. To
compute the number of trainable parameters, we count the number of connections between layers
plus the number of nodes in each layer. In a model with an input layer L;, one hidden layer L,,

and an output layer L3, we calculate:
P = (ILa] X |La| + |Laf) + (IL2| X [Ls| + |Ls]) (8.1)

where |L,| indicates the size (i. e., number of nodes) of some layer n. In Equation 8.1, the quantity

|L1] X |L2| is the number of connections between layers between L and Ly, and |Ly| X |L3| is the
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number of connections between layers between L, and L3. For example, given an input layer L;
with 2,700 nodes, a hidden layer L, with 270 nodes, and an output layer L3 with 6 nodes, we can

compute the number of trainable parameters P as follows:

P = (2700 x 270 + 270) + (270 X 6 + 6)
= 729270 + 1626
= 730896

More generally, we can compute the number of trainable parameters for any model with n

layers via the following:
i<n
P =) ILilx|Lial+ Linl . (8:2)
i=1
Using Equation 8.2, we compute P for each of the model capacities listed in Table 8.2. Note that P
is largely dominated by the number of nodes in the first hidden layer, due to our constraints on the
output-input ratio between layers and the large number of connections between the 2,700-node

input layer and the first hidden layer.

8.2.4 Training and Testing

For this experiment, we use a stratified k-fold cross-validation approach for training and testing.
We set k = 10 folds, yielding approximately 150 subjects for training and 17 subjects for testing in
each fold. We stratify the folds according the SDB severity group, determined from the clinically-
derived apnea-hypopnea index. For each fold, we hold out the 17 test subjects, and train a new
instance of our DNN using the rest of the subjects. Then, we use the trained DNN to predict
events for the held out subjects one at a time. For each test subject, we record the true versus
predicted disordered breathing event label for each 30-second epoch.

Our DNN experiments are written in Python 3 using the TensorFlow 2 API[1, 2], and run on an
NVIDIA Quadro® RTX™ 5000 graphics processing unit (GPU) with 16 GB of dedicated memory.
This GPU provides 3,072 compute cores and 384 tensor cores to accelerate DNN training. Once
our model and training and testing data are copied from the host system memory to the GPU
device memory, our DNN training and inference algorithms run on the GPU rather than on the
CPU, allowing us to more quickly evaluate various model architectures and capacities.

In preparation for training, we configure our feed-forward DNN model to use the Adam
optimization method, an efficient stochastic gradient descent method named due to its use of
adaptive moment estimation [80], with categorical cross-entropy as our loss measure. Addition-

ally, we specify early stopping after 10 training iterations without improved loss via TensorFlow’s
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Hidden layers Nodes per layer Trainable parameters

Ly Lz L4
1 67 - - 73,095
135 - - 365,451
270 - - 730,896
2 67 67 - 185,931
135 67 - 374,155
135 - 383,811
270 67 - 747,835
135 - 766,671
270 - 804,066
3 67 67 67 190,487
135 67 67 378,711
135 67 392,515
135 402,171
270 67 67 752,391
135 67 775,375
135 785,031
270 67 821,005
135 839,841
270 877,236

Table 8.2: Number of hidden layers, number of nodes per hidden layer, and corresponding number
of trainable parameters for each explored model capacity

provided training callback mechanism. Once configured, we fit our model on the training set us-
ing a maximum of 50 training iterations (typically referred to as epochs; however, we use iterations
here to avoid confusion with the 30-second epochs our polysomnography studies are segmented
into). We also specify class weights for each of the six possible SDB event types, based on the
prevalence of each type in the corpus, as some event types are relatively rare and would otherwise
never be predicted by our model.

Given our feature vectors of 2,700 values per 30-second epoch of data (described in Section 8.2.2)
and inclusion of just the first hour of sleep (for reasons motivated in Section 8.2.1), each subject
included in the training set provides 324,000 values (i. e., 2,700 values per epoch, times 2 epochs
per minute, times 60 minutes). As each training set in our k-fold cross-validation scheme consists
of 160 subjects (i. e., 167 subjects minus 10% held out for training), our DNN model is learning P
trainable parameters from 48,600,000 values. From our computed P listed in Table 8.2, our model

should be provided with sufficient data to learn the parameters from during training.
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Hidden layers Nodes per layer Accuracy
Lo L3 Ly None Mild Moderate Severe All
1 67 - - 0815 0.745 0.692 0510 0.643
135 - - 0772 0.682 0.612 0466 0.584
270 - - 0738 0.664 0.605  0.479 0.580
2 67 67 - 0777 0.707 0.639  0.480 0.604
135 67 - 0815 0.742 0.654 0477 0.618
135 - 0779 0.692 0.641 0463 0.595
270 67 - 0772 0741 0.639 0448 0.597
135 - 0862 0.777 0.705  0.519 0.662
270 - 0750 0.666 0.598  0.449 0.568
3 67 67 67 0792 0.710 0.636  0.447 0.592
135 67 67 0814 0.738 0.664 0475 0.619
135 67 0.811 0.699 0.606 0443 0.581
135  0.731 0.628 0.561  0.391 0.524
270 67 67 0.824 0.755 0.675  0.468 0.624
135 67 0712 0.642 0561  0.396 0.527
135 0.754 0.674 0.584  0.409 0.550
270 67 0.702 0.612 0.525  0.321 0.480
135  0.822 0.756 0.644 0449 0.607
270  0.770  0.690 0.596 0423 0.564

Table 8.3: Mean prediction accuracy by SDB severity group for each explored model capacity.
Note that the 270 x 135 model exhibits the best overall accuracy.

8.2.5 Results

Table 8.3 depicts the mean prediction accuracy across all subjects for each explored model capacity.
For each capacity, we report the accuracy by sleep-disordered breathing severity group: none,
mild, moderate, and severe. We also report the overall mean prediction accuracy. The accuracy
measures are determined according to the same epoch-by-epoch inter-rater reliability guidelines
as clinical polysomnography, as described in Section 3.8.1. We find that a model with two hidden
layers, with |Lp| = 270 and |L3| = 135—which we refer to as the “270 X 135 model”—exhibits
the best overall accuracy, standing out when specifically considering just the none and mild SDB
severity groups, but also outperforming all other models for the moderate and severe severity
groups as well.

Table 8.4 depicts the aggregate confusion matrix across all subjects for the 270 x 135 model. We
find that no event (“-”) is frequently incorrectly predicted as obstructive or mixed hypopnea (“H”

or “MH”, respectively). We also find that obstructive hypopnea is often predicted as no event or



Event True Predicted

- H MH OA CA MA
No event - 12415 3055 1738 309 50 92
Hypopnea H 413 391 312 50 8 11
Mixed hypopnea MH 145 184 352 108 18 32
Obstructive apnea  OA 13 34 138 102 4 4
Central apnea CA 1 10 21 8 0 1
Mixed apnea MA 1 2 8 7 1 2
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Table 8.4: Aggregate confusion matrix of true versus predicted SDB events across all subjects for

the 270 x 135 model
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Figure 8.4: Epoch-level accuracy for the 270 x 135 model by SDB severity group, with median
values indicated by solid red lines. AASM accreditation standard of 85% agreement indicated by

dotted gray line.

as mixed hypopnea. Obstructive apnea (“OA”) appears highly confusable for mixed hypopnea;

central and mixed apnea (“CA” and “MA”) occur infrequently, and are rarely correctly predicted.

To better understand the nature of the prediction errors, we break subject results out by SDB

severity: none, characterized by 0-5 disordered breathing events per hour; mild, 5-15 events per

hour; moderate, 15-30 events per hour; and severe, greater than 30 events per hour. Figure 8.4

depicts the epoch-level prediction accuracy for the 270 x 135 model by severity group. We find
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Severity  True Predicted
- H MH OA CA MA
None - 1756 205 65 5 2 2
H 2 2 1 0 0 0
MH 0 0 0 0 0 0
OA 0 0 0 0 0 0
CA 0 0 0 0 0 0
MA 0 0 0 0 0 0
Mild - 3049 571 189 21 5 8
H 53 25 14 2 0 3
MH 7 5 4 0 0 0
OA 0 2 2 0 0 0
CA 0 0 0 0 0 0
MA 0 0 0 0 0 0
Moderate - 4174 867 459 78 14 20
H 126 76 63 11 2 3
MH 43 52 57 25 7 14
OA 1 1 12 6 0 1
CA 1 2 3 1 0 1
MA 0 0 0 0 0 0
Severe - 3436 1412 1025 205 29 62
H 232 288 234 37 6 5
MH 9 127 291 83 11 18
OA 12 31 124 96 4 3
CA 0 8 18 7 0 0
MA 1 2 8 7 1 2

Table 8.5: Aggregate confusion matrices of true versus predicted SDB events across all subjects
for each severity group for the 270 x 135 feed-forward model

that the inter-rater reliability of our DNN-based model generally decreases as sleep-disordered
breathing severity increases, with subjects in the “none” severity group surpassing the 85%
AASM agreement threshold on average, and mild, moderate and severe subjects falling further
and further below the threshold while also exhibiting more deviation from the mean. The mean
accuracy of each severity group is none, 86.2%; mild, 77.7%; moderate, 70.5%; and severe, 51.9%.

Table 8.5 depicts the aggregate confusion matrix across all subjects for each severity group for
the 270 x 135 model. Here, we note that subjects falling in the none and mild severity groups
largely only exhibit hypopnea events, which are generally correctly predicted as hypopnea of
some type, rather than as apnea. We also note that epochs with no event are predicted as false
positive hypopnea events in all severity groups, and increasingly so as SDB severity increases,
with none, 13.3%; mild, 19.9%; moderate, 24.1%; and severe, 41.5% false positive for hypopnea
of some type. We speculate that it is possible that typical (n.b., not “normal”) breathing during
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Figure 8.5: Softmax class probabilities (top subplot) and corresponding true and predicted events
(bottom subplot) for each epoch for one subject with severe sleep-disordered breathing

sleep by individuals suffering from severe SDB may indeed look more like atypical breathing in
less afflicted individuals.

Furthermore, we investigate the DNN model predictions for individual subjects within each
severity group. For example, consider one subject from our polysomnography corpus with
severe sleep-disordered breathing. Figure 8.5 depicts the softmax class probabilities from the
DNN output layer for each 30-second epoch (top subplot), along with the corresponding true
and predicted events for the epoch (bottom subplot). The true and predicted event colors in the

“" o

figure correspond to: white, no event (“-”); orange, obstructive hypopnea (“H”); pink, mixed
hypopnea (“MH”); red, obstructive apnea (“OA”); and purple, mixed apnea (“MA”). Note that
this particular subject did not exhibit central apnea (“CA”); however, other subjects in the training
set did exhibit this type, hence the small probability of central apnea.

Figure 8.5 demonstrates that our DNN model detects regions of sleep-disordered breathing
throughout the hour of sleep with some degree of precision in time, though with imperfect
accuracy in specific event type. First, consider the true hypopnea events in epochs 9-10. The

softmanx class probability of no event (top subplot, “-” label) clearly shows a decrease down to near

zero, followed by an increase back to highly probable during this timeframe. The softmax class
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Figure 8.6: Overall disordered breathing event probability (blue line) and corresponding true
events (horizontal color spans) for each epoch for one subject with severe sleep-disordered breath-
ing. Overall probability computed as the sum of the softmax probabilities depicted in Figure 8.5.

probabilities for hypopnea and mixed hypopnea show a corresponding increase, then decrease,
during this same timeframe. A similar occurrence can be seen for the true obstructive apnea event
at epochs 26-27, albeit with an incorrect hypopnea event prediction rather than a correct apnea
event prediction.

We also observe that the DNN model confidently and correctly predicts long sequences of
epochs of no event, with only a few spurious false positives from epochs 30-99. Note that, in most
of these false positive instances, the probability of no event is nearly as high as the probablity of
hypopnea. Finally, starting at epoch 100, the softmax probabilities clearly indicate a much higher
likelihood of disordered breathing than of no event for the remainder of the hour, in accordance
with the ground truth. Here we see the model more consistently predict obstructive apnea (“OA”,
indicated by the red color in the figure), with some confusion for mixed hypopnea, mixed apnea,
and obstructive hypopnea—and even central apnea. The resulting epoch-by-epoch agreement
for this subject is 76.7%; other subjects in the severe group either exhibited more spurious false
positives, or more true positive sleep-disordered breathing events, just of the incorrect specific

event type.
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Given that our model does exhibit confusability between similar types of SDB events, we also
investigate the overall probability of any type of disordered breathing event in each epoch. To do
so, we take the sum of the softmax probabilities for all event types (that are not “no event”) for
each epoch, and compare those probabilities with the true events. Figure 8.6 depicts the overall
probability of any type of SDB event, with true events indicated by horizontal spans of color,
for the same subject depicted in Figure 8.5. We observe that the overall probability generally

correlates well with the incidence of true events.

8.3 Sequence-to-Sequence Event Detection

In this experiment, we use a more complex type of deep neural network to translate the time series
sensor data to corresponding sleep-disordered breathing event labels, mapping one sequence to
another, framing our event detection task as a “sequence-to-sequence” problem. Notably, this
approach eliminates the domain-specific feature engineering common in other areas of machine
learning, instead relying on the DNN to learn the salient features from the input data itself during
training. DNN-based sequence-to-sequence approaches have proven useful in other domains that
use time series data, including sleep staging using EEG data [90, 148].

Starting with basic preprocessing (Section 8.3.1), we feed the polysomnography sensor data
directly into the first half of our sequence-to-sequence model, a convolutional neural network
(CNN)-based series of layers that encodes the PSG data into a compact internal representation.
This internal represenation passes directly from the CNN encoder into the second half of our
model, a long short-term memory (LSTM)-based recurrent neural network (RNN) that decodes
the internal representation into SDB event labels, completing the sequence-to-sequence translation
from PSG sensor data to disordered breathing event labels. We fully describe this model in
Section 8.3.2, and describe our approach for training and testing the model in Section 8.3.3.
We then use the trained model to predict SDB events for unseen subject data and report the

results (Section 8.3.4).

8.3.1 Preprocessing

For this experiment, we perform the same minimal preprocessing as in the feed-forward DNN
experiment described in Section 8.2.1, namely only including the first hour of sleep during the
full-night PSG study, starting at sleep onset. As we do not extract any manually-engineered
features as in previous experiments, we use a robust scaler that centers and scales the sample

data using median values and interquartile ranges for each channel of data. This approach helps
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avoid issues with extreme outliers in the sensor values (e. g., due to sensor slippage or failure,
or erratic patient movement during the PSG study) that can hinder traditional scaling based on
the mean and variance. We apply this scaling on a per-subject basis. We further discuss sensor
positioning in Section 3.4.1, and our related approaches for dealing with the resulting outlier
values in Section 6.2.1.3.

Unlike the feed-forward model from our previous DNN experiment, our sequence-to-sequence
model operates on continuous overlapping subsequences of the training data, rather than atomic
snapshots of discrete, non-overlapping windows. To this end, we supply the model with not one
feature vector per 30-second epoch, but with a sequence of PSG sensor data samples per 5-second
analysis window. Given the 200 Hz sample rate of the ventilatory effort and oronasal airflow
sensors (see Table 8.1 in Section 8.2.2), we upsample the SpO, sensor data from 10 Hz to 200 Hz.
We then apply a 5-second sliding window with a 1-second window shift to the five channels,
yielding a new subsequence after each shift of the analysis window. Each subsequence consists
of five 1-second time steps, in turn each consisting of 200 samples per sensor. For the first four
seconds, we zero-pad the left end of the sliding window, as there are less than five time steps to
include. The majority disordered breathing event label for the corresponding 5-second window
is recorded as the ground truth label for the subsequence.

Figure 8.7 depicts this subsequence generation approach, as applied to a 10-second example
from our polysomnography corpus. The first subsequence, for t = 5, includes the sensor values
from 0-5 seconds, and is described by the majority event label from the corresponding 5-second
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window (no event, indicated in the figure as ). The second subsequence, for t = 6, includes
the sensor values from 1-6 seconds, and is described by the majority event label from its 5-second
window (no event). The third subsequence, for t = 7, is also described as no event, despite the
presence of the beginning of a true obstructive apnea (“OA”) event. Note that, for t = 9, the
subsequence is finally described as obstructive apnea once it becomes the dominant label in the

corresponding 5-second window.

8.3.2 Encoder-Decoder Model Architecture

As briefly introduced at the beginning of Section 8.3, our model architecture is based on an
encoder—the first half of the model—that encodes the input PSG sensor data into a compact
internal representation using a convolutional neural network (CNN)-based series of layers, and
a decoder—the second half of the model—that decodes the encoded internal representation
into disordered breathing event labels. Notably, the CNN encoder provides feature learning,

as opposed to feature engineering; the convolutional layers learn filters over the time-series
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Figure 8.7: Subsequence generation for the sequence-to-sequence event detection model. Each 5-
second window is used to train the model to predict the majority event label of the corresponding
subsequence.

input data, weighing salient features derived from trends in the data itself over time in each
input subsequence, and preserving the most relevant as output. For example, the reduction in
amplitude in the effort and airflow sensors, along with the corresponding drop in SpO, at t = 9
and t = 10 in Figure 8.7 might lead the model to predict the corresponding obstructive event
based on repeatedly seeing similar phenomena during training.

To learn the relevant discriminative features, our encoder, depicted in Figure 8.8, uses two
different series of convolution layers operating on the input data in parallel. We feed the CNN
encoder sequences of length 1,000 (i. e., 5 seconds times 200 samples per second) at a time, along
with the corresponding ground truth event label from preprocessing, as described in Section 8.3.1.
These input sequences are processed by both a series of small filter convolutional layers (indicated
by the red dotted outline in Figure 8.8) and large filter convolutional layers (indicated by the

blue dotted outline). The small filter layers are designed to learn temporal information, such as
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Figure 8.8: CNN encoder architecture, with small (red dotted outline on left) and large (blue dotted
outline on right) filters. Each 1-D convolution layer uses batch normalization and ReLU activation.
Convolution filter/stride sizes, pooling sizes, and dropout rates are noted in gray; layer output
dimensionality is noted in black. Small and large filter outputs are flattened and concatenated
for decoding by the LSTM decoder. After pre-training the CNN encoder, the temporary dense
softmax activation layer (purple dotted outline at bottom) is discarded.
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reductions in amplitude over time characteristic of disordered breathing events, while the large
filter layers are designed to learn frequency information.

Each one-dimensional (1-D) convolution layer uses batch normalization and rectified linear
unit (ReLU) activation, with 64 filters per layer. We use varying filter sizes and strides (i. e., amount
to shift by during the convolution operation) for each layer, indicated next to each convolution
operation in the figure in grey text. For example, we use a filter size of 16 and a stride length of 16
for the first small filter layer, and a filter size of 256 and stride length of 16 for the first large filter
layer. The output of these first filter layers is a tensor of the 64 filter outputs over the convolution of
the inputs. Each successive layer maintains the 64-filter dimension, but yields smaller and smaller
output lengths due to repeated convolution operations. This effect is depicted in Figure 8.8, with
the dimensionality of each layer indicated as 64 X L, where L is the output length.

Following the first convolutional layer, we use a max pooling layer with a pool size of 2 and
stride of 2 to keep only the most relevant features from the first filter layer. Then, we apply
dropout with a dropout rate of 0.5, which sets the weights of the outputs to zero randomly with
50% probability, to prevent overfitting of our model. We then use three successive convolution
layers, followed again by max pooling and dropout. The series of small and large filter layers in
the CNN encoder operate in parallel, and ultimately each yield a 64 x 6 tensor of salient features.
We then flatten the 64 X 6 output from each series of layers into 1-D vectors of length 384 and
then concatentate them, yielding a single 1-D vector of length 768 as the output of the encoder, as
depicted at the bottom of Figure 8.8.

Each length-768 vector is a compact encoded representation of the original 5-second window of
sensor data—>5 seconds times 200 samples per second times 5 sensor channels, or 5,000 values—
used to describe one second of sleep, and is accompanied by the corresponding disordered
breathing event label for that one second. Note that the final layer, a dense layer with six nodes,
one for each possible disordered breathing event type, is only used during model training to
pre-train the CNN encoder, and is not used during full encoder-decoder operation. We further
discuss our specific approach to training both the encoder and the decoder in Section 8.3.3.

The second part of our model, the decoder, translates the encoded representation into event
label probabilities, allowing us to predict disordered breathing event labels for each input subse-
quence. The decoder uses a type of recurrent neural network (RNN) consisting of long short-term
memory (LSTM) cells to remember useful information over longer input sequences than classic
RNN s [65]. The decoder operates on entire 30-second epochs of data, allowing the LSTM layers
to consider longer sequences of features to when making a prediction, and intentionally aligning

with the accepted clinical practice of scoring epochs of this duration. We discuss our approach
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Figure 8.9: LSTM decoder architecture. Each bidirectional LSTM layer processes its input in the
forward ( ) and backward ( ) direction, feeding the combined output to the next layer.
LSTM cell counts and dropout rates are noted in gray; layer output dimensionality is noted in
black. The final dense softmax activation layer predicts the probability of each SDB event type for
the given input sequence.

for feeding the output of the CNN encoder to the LSTM decoder in greater detail in Section 8.3.3.

Figure 8.9 depicts our LSTM decoder architecture. Our decoder accepts sequences of multiple
length-768 vectors as input; recall that this is precisely the output of our CNN encoder. We
use a bidirectional LSTM layer, which processes the entire input sequence both forwards and
backwards, allowing the decoder to learn long-term relationships across individual subsequences
in the input to predict a single output. We use 384 cells in each direction of the bidirectional layer,
for a total of 768 cells. We apply dropout with a dropout rate of 0.5 and feed the sequence output
of the first LSTM layer to a second bidirectional LSTM layer. The sequence output contains a series
of vectors, equal in length to the length of the input sequence of vectors; each vector contains one
output value from each of the 384 forward-processing cells and 384 backward-processing cells,
for a total of 768 values in each vector. We again apply dropout and feed the output of the second
layer to a dense layer of six nodes, one for each disordered breathing event type. This final layer
uses softmax activation to predict the probability of each event type for each of the sequences

provided to the model; in our case, the sequences are length-30 sequences of length-768 vectors,
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where each length-768 vector represents one second of CNN-encoded input, and each length-30

sequence of vectors represents one 30-second epoch of input described by a single SDB event label.

8.3.3 Training and Testing

We train our sequence-to-sequence model using the same general approach as for our feed-forward
model, described in Section 8.2.4. We again use a stratified k-fold cross-validation approach for
training and testing, stratifying the folds according to the SDB severity group determined from
the clinically-derived AHI. From our PSG corpus of 167 subjects, we generate 10 folds, with
approximately 150 subjects for training and 17 subjects for testing in each fold. For each fold, we
use a two-part training procedure: first, we pre-train the CNN encoder using a balanced version
of the training set; then, we train the entire CNN-LSTM encoder-decoder model on the original
unaltered training set for the fold.

To prevent overfitting to the most common label, no event, we create a balanced version of
the training set for the fold for pre-training. We determine the number of occurrences for each
of the true disordered breathing event labels, and set N as the number of occurrences in the
most frequently-appearing label. We then sample the data for each of the remaining event labels
with replacement—including for the no event label—N times, generating a balanced corpus of
size 6 X N, with N occurrences of each of the six possible event labels. We use this approach
rather than simply oversampling the five disordered breathing event labels to match the number
of occurrences of no event labels due to the sheer volume of data that would be generated for each
fold. During early testing, we noted that this growth increased the size of an original training set
consisting of 150 subjects from 20 GB to over 60 GB on average, leading us to design an alternate
approach to creating the balanced training set.

To pre-train the CNN encoder, we feed it batches of 5-second subsequences of PSG sensor data
and corresponding 1-second event labels from the balanced training set, which are in the format
described in Section 8.3.1 and depicted in Figure 8.7. We also add a temporary dense softmax
activation output layer after the concatenation layer, as depicted at the bottom of Figure 8.8,
to permit prediction of SDB event labels for each input sequence. We use Adam optimization
with categorical cross-entropy as our loss measure, and train our encoder for a maximum of 50
iterations. Once trained, we remove the temporary softmax layer, and attach the pre-trained CNN
encoder to the LSTM decoder, using the output of the encoder as input for the decoder.

As our goal is to predict disordered breathing event labels for entire 30-second epochs, we

supply the entire CNN-LSTM model with a restructured version of the original (unbalanced)
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training set. We group the original 3,600 seconds (representing the first hour of sleep) into 30-
second epochs, yielding 120 epochs per subject. The CNN-LSTM operates on one 30-second epoch
at a time, first encoding each one-second time step in the epoch (consisting of 5 seconds” worth
of sensor data) using the CNN encoder into a length-768 vector. The resulting 30 x 768 tensor is
then fed to the LSTM decoder to generate SDB event probabilities for the epoch.

To train the decoder, we must also provide a single event label per 30-second epoch, as opposed
to the existing 30 individual event labels from the underlying time steps fed to the CNN encoder.
Rather than just taking the most frequently-occurring (i. e., “predominant”) label in the epoch,
which might omit true disordered event labels that would otherwise be used to describe the epoch
in a clinical scoring setting, we attempt to procedurally derive the one best descriptive label to
complement the feature learning approach of our convolutional and recurrent layers, as we depart
from hand-engineered features and ill-defined aspects of the event scoring rules. For example,
consider an epoch that consists of 18 seconds of no event followed by a 12-second hypopnea
event. A naive approach that simply uses the most frequently-occurring label would choose
the more prevalent no event over hypopnea to describe the epoch, counter to clinical guidance
for describing SDB events at the epoch level—briefly mentioned in Section 3.8.1, with respect to
inter-rater reliability, but otherwise not defined in the scoring manual. In contrast, our approach
retains the hypopnea event label in this example. The net effect of our approach is a larger number
of epochs being labeled as containing disordered breathing than would be indicated by strict
interpretation of the “predominant” terminology in the AASM scoring manual.

To determine the best descriptive label, we identify the longest true event label within the
30-second epoch that exceeds five seconds in duration, if one exists. We base this decision on the
minimum 10-second duration for event scoring, and the possibility of a single scored event being
split perfectly into a 5-second label at the end of one epoch and a second 5-second label at the
beginning of the next epoch. Where multiple SDB event labels are present, only the longest is
considered. We record the event label that meets our criteria—if such a label is present—as the
label for the entire 30-second epoch, else, we record no event as the label.

We train the entire CNN-LSTM model using the generated descriptive labels and correspond-
ing encoded data for each epoch, using Adam optimization with categorical cross-entropy as our
loss measure, and train our model for for a maximum of 100 iterations. We then use the trained
model to predict event labels for each subject in the test set for the fold. The output of the model
prediction is the resulting softmax probability of the six possible event types for each 30-second
epoch. We record both the probabilities and the label of the one most probable event for each

epoch, for comparison with the true event labels from clinical scoring by a human expert.



Event True Predicted

- H MH OA CA MA
No event - 14837 689 83 70 135 0
Hypopnea H 2000 233 17 26 72 2
Mixed hypopnea MH 952 206 25 63 40 0
Obstructive apnea  OA 280 32 4 93 63 0
Central apnea CA 52 0 2 8§ 22 0
Mixed apnea MA 21 2 1 2 8 0
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Table 8.6: Aggregate confusion matrix of true versus predicted SDB events across all subjects for

the sequence-to-sequence model

8.3.4 Results
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Figure 8.10: Epoch-level accuracy for the sequence-to-sequence model by SDB severity group,
with median values indicated by solid red lines. AASM accreditation standard of 85% agreement

indicated by dotted gray line.

Table 8.6 depicts the aggregate confusion matrix across all subjects for the sequence-to-

sequence model. We find that our model generally predicts individual epochs with good accuracy,

with some degree of false negatives for all disordered breathing types, most notably for hypopnea.

We find that no event (“-”) is correctly predicted reliably well, with a false positive rate of just

over 6%, largely for hypopnea. Correspondingly, we also find that both obstructive and mixed
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Figure 8.11: Softmax class probabilities (top subplot) and corresponding true and predicted events
(bottom subplot) for each epoch for one subject with severe sleep-disordered breathing

hypopnea are often incorrectly predicted as no event, indicating high confusability between no
event and hypopnea. We also observe some degree of confusability between various forms of
disordered breathing. To better understand the nature of the prediction errors, we again break
subject results out by SDB severity. Figure 8.10 depicts the epoch-level prediction accuracy for the
sequence-to-sequence model by severity group. Similar to our feed-forward DNN results, we find
that the inter-rater reliability of our CNN-LSTM model generally decreases as sleep-disordered
breathing severity increases. However, for this model, subjects in the none and mild severity
groups both surpass the 85% AASM agreement threshold. The mean accuracy of each severity
group is none, 94.9%; mild, 88.9%; moderate, 80.6%; and severe, 60.8%. For each severity group,
the sequence-to-sequence model handily outperforms the feed-forward model. Table 8.7 depicts
the corresponding confusion matrices by severity group. Note the increasing confusion amongst
event types (and no event) as severity increases, again, with hypopnea and no event exhibiting
the most confusability.

Figure 8.11 depicts the output softmax probabilities for each epoch for one subject from our
polysomnography corpus (n.b.: the same subject as depicted in Figure 8.5). Note that the model

does indicate some probability of the correct event, even when predicting the incorrect event. We
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Severity  True Predicted
- H MH OA CA MA
None - 1936 51 29 1 9 0
H 12 1 0 0 1 0
MH 0 0 0 0 0 0
OA 0 0 0 0 0 0
CA 0 0 0 0 0 0
MA 0 0 0 0 0 0
Mild - 3479 217 10 17 5 0
H 156 41 1 0 1 0
MH 14 4 3 0 0 0
OA 5 0 0 1 1 0
CA 5 0 0 0 0 0
MA 0 0 0 0 0 0
Moderate - 4871 195 21 4 61 0
H 536 49 4 6 10 0
MH 248 46 2 6 4 0
OA 24 2 0 5 4 0
CA 11 0 1 2 5 0
MA 2 0 0 0 1 0
Severe - 4551 226 23 48 60 0
H 1296 142 12 20 60 2
MH 690 156 20 57 36 0
OA 251 30 4 87 58 0
CA 36 0 1 6 17 0
MA 19 2 1 2 7 0

Table 8.7: Aggregate confusion matrices of true versus predicted SDB events across all subjects
for each severity group for the sequence-to-sequence model

find that the model also generally exhibits good precision, only predicting disordered breathing
at times during the hour when true disordered breathing events actually exist. Some explanation
for the lower accuracy for more severe subjects is evident in Figure 8.11; the last twenty epochs
primarily indicate disordered breathing, but only two of the twenty epochs are actually of the
correct type at the correct time, with high confusability amongst event types. We do note that the
model generates high probability of no event correctly in the long middle region, with hypopnea

appearing as a somewhat probable alternative following the events in the initial thirty epochs.

8.4 Full-Night Severity Estimation

In this experiment, we reframe our task from an event detection task to a severity estimation one.

We reuse our sequence-to-sequence model from Section 8.3 and repurpose it to predict a full-night
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Figure 8.12: DNN-based severity estimation data flow diagram

sleep-disordered breathing severity measure analogous to the clinically-derived apnea—hypopnea
index (AHI), expressed as the number of events per hour. We describe our modifications to the
CNN-LSTM model in Section 8.4.1, where we combine the disordered breathing event probabilities
from the final softmax activation output layer to generate a single severity estimate for the entire
hour of sleep, rather than per-epoch, per-event-type probabilities. We then briefly discuss our
training and testing procedures in Section 8.4.2, and our severity estimation results in Section 8.4.3,
where we assess the correlation between our severity estimates and the AHI. Figure 8.12 depicts a
high-level overview of our approach. As in our full-night severity estimation approach presented
in Section 6.4, we directly estimate severity for an entire episode of sleep, without concern for

specific event instances.

8.4.1 Severity Estimation Model Architecture

To repurpose our CNN-LSTM model (described in detail in Section 8.3.2) for severity estimation
rather than event detection, we apply a transformation to the output of the final softmax activation
layer of the LSTM-based decoder, originally used to predict individual event type probabilities
on an epoch-by-epoch basis. For each epoch, we compute the sum of the disordered breathing
event probabilities, excluding the probability of no event for the epoch, to yield a single floating-
point value in the range 0.0-1.0 per epoch. We then compute the sum of the resulting per-epoch

probability-of-disordered-event values across all 120 epochs in the hour of sleep, and divide the
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sum by the number of epochs to yield a mean probability-of-disordered-event value, also in the
range 0.0-1.0. We use this value as the severity estimate for the entire series of epochs, without

concern for which specific epochs correspond to individual disordered breathing event instances.

8.4.2 Training and Testing

For severity estimation, we train our CNN-LSTM model using the same approach as for our feed-
forward and sequence-to-sequence event detection models, described in Sections 8.2.4 and 8.3.3,
respectively. We again use a stratified k-fold cross-validation approach for training and testing,
stratifying the folds according to the SDB severity group determined from the clinically-derived
AHI, to ensure that subject data corresponding to all sleep-disordered breathing severities are
included in each training and testing fold. We hold out 10% of the corpus for testing, yielding
approximately 150 subjects for training and 17 subjects for testing for each fold. Once trained
using the training set, we use the model to predict a severity estimate for each subject in the test

set, and record this estimate for comparison with the true severity, as indicated by the AHI.

8.4.3 Results

We review our severity estimate prediction results for each test subject with respect to both the
first-hour AHI, which we compute based on the number of epochs in the first hour of sleep—
i.e., the actual data the estimate is based on—containing true disordered breathing events, as
well as the full-night AHI, which is computed across the entire night of sleep (as described in
Section 3.7.5) during the full-night polysomnography study we extract the first-hour data from for
this experiment. Note that, for any given subject, the first-hour AHI may differ significantly from
the actual full-night AHI, simply due to the number of events in the first hour of sleep differing
from the average number per hour throughout the night.

Figure 8.13 depicts the clinically-derived apnea-hypopnea index and predicted severity esti-
mate for each subject in the polysomnography corpus, for both the first-hour AHI (8.13a) and
the full-night AHI (8.13b). Individual values are colored by true SDB severity group; vertical
dotted lines indicate severity thresholds. To assess the predicted severity estimates, we compute
the Pearson’s product-moment correlation, r, between the AHI and our severity estimate for all
subjects, finding a fairly strong positive correlation (r = 0.616) between the first-hour AHI and
our estimate. We find a moderately strong, somewhat lesser correlation (r = 0.468) between the
full-night AHI and the severity estimate. As evident in Figures 8.13a and 8.13b, there are no clear

decision boundaries (i. e., horizontal lines) for severity estimate values that clearly separates the
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Figure 8.13: Correlation between first-hour and full-night AHI and predicted severity estimates.

Pearson product-moment correlation (r) noted for each pair; individual values colored by SDB
severity, with thresholds indicated by vertical dotted lines.
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none, mild, moderate, or severe groups, as there are for the apnea—hypopnea index, despite the
promising correlation. We do note, however, that the general trend of a higher estimate indicating

higher true severity holds for both the first hour as well as the full night.

8.5 Discussion

Our feed-forward DNN-based event detection model predicts disordered breathing events with
reasonable accuracy, ranging from 51.9 to 86.2% epoch-level accuracy for specific event types,
depending on severity; accuracy falls below 70% only for the most severe subjects, where we
see many false positive events predicted by our model. We find that hypopnea is by far the
most common event type predicted for these numerous false positives, which we consider well-
explained by the fact that it is the least severe form of disordered breathing, with changes in
ventilatory effort and peripherial oxygen saturation looking most like no event in feature space
due to the lesser excursion from sensor baseline. However, this model is still reliant on features
engineered by human experts, requiring additional domain knowledge as well as machine runtime
on top of the already computationally-expensive deep neural network training.

Our sequence-to-sequence event detection model eschews the engineered features, instead
learning relevant features from the data itself during training. Here, our CNN-LSTM model
achieves 60.8-94.9% epoch-level accuracy, outperforming the fully-connected feed-forward model
by nearly 10% at each severity level. Notably, epoch-level event prediction accuracy falls below
80% only for the most severe subjects in our polysomnography corpus. As with the feed-forward
model using engineered features, prediction errors predominantly manifest as false positives for
hypopnea when there is no true event, and false negatives when there is a true hypopnea event.
Given this similarity between the two models, in addition to the increased event detection accuracy,
we find that our sequence-to-sequence model does indeed learn discriminating features that are
useful for predicting sleep-disordered breathing events. Further work is required, however, to
more thoroughly investigate the cause of non-hypopnea mispredictions.

Moving on to our DNN-based severity estimation model, we note promising correlations be-
tween the clinically-derived apnea-hypopnea index and our predicted severity estimates. We
note that the severity estimates derived from only the first hour of sleep correlate well with both
the first-hour AHI and the full-night AHI, with the first-hour correlation appearing stronger, as
expected. Further work remains to determine if a true severity estimate decision boundary exists,

such that a patient might be recommended for further consulation or full-night polysomnography.
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We further discuss our deep neural network-based event detection and severity estimation ap-
proaches, and compare them with our rule-based and hidden Markov model-based approaches,

in Chapter 9.



Chapter 9

Conclusions and Future Direction

In this final chapter, we conclude this body of work by first summarizing the results from our
event detection and severity estimation experiments in Section 9.1, followed by discussion of the
suitability of our approaches for their intended purpose in Section 9.2, including discussion of
challenges inherent in automatic approaches such as our own and in event scoring in general. We
then summarize the contributions of the thesis in Section 9.3, and finally, outline several areas for

further exploration and future work in Section 9.4.

9.1 Summary of Results

We compile event detection and severity estimation results here from Chapters 6, 7, and 8, reporting
both event-level confusion as well as overall prediction accuracy. We summarize the results of
our experiments with our various approaches, and compare the performance of each approach
with our other approaches, with an eye toward the American Academy of Sleep Medicine inter-
labeler agreement guideline of 85% agreement (discussed in Section 3.8.1) when evaluating the

performance of each approach.

9.1.1 Event Detection Results

We begin our summary with the results of our disordered breathing event detection approaches,
which include: (i) our rule-based system, a straightforward algorithmic implementation of the
AASM event scoring guidelines; (ii) our two-stage HMM-based system, which uses hidden Markov
models to track the ventilatory effort cycle from sleep breathing audio; (iii) our feed-forward
DNN-based system, which uses a deep neural network consisting of a series of dense and fully—
connected layers of nodes; and (iv) our sequence-to-sequence DNN-based system, which features
a convolutional encoder coupled with a long short-term memory decoder. Our four event detec-

tion approaches explore a continuum ranging from most informed by the AASM event scoring

119
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Severity ~ Subjects Approach

Rule-based Feed-forward Sequence-to-sequence
None 17 0.972 0.862 0.950
Mild 33 0.947 0.782 0.891
Moderate 51 0.907 0.724 0.815
Severe 66 0.761 0.568 0.639
All 167 0.864 0.688 0.774

Table 9.1: Rule-based, feed-forward DNN, and sequence-to-sequence DNN mean event detection
accuracy by severity group for subjects from the PSG corpus

guidelines, with manually-engineered features based on domain knowledge, to least informed,
with features learned by the model from the data itself.

Table 9.1 summarizes the mean event prediction accuracy for our rule-based system, our
feed-forward DNN, and our sequence-to-sequence DNN. We omit the two-stage HMM here, as
it uses a much smaller audio corpus, rather than the full-night polysomnography corpus, and
does not predict events at the epoch level as the other approaches do. We break the results
out by sleep-disordered breathing severity group to highlight differences in the results for each
approach. We find that our algorithmic rule-based system reliably exceeds the 85% epoch-level
agreement threshold when comparing our event detection output with the true event labels scored
by clinicians as part of each polysomnography study for all but the most severe subjects in our
corpus. We note here that, despite the lower level of agreement for subjects in the severe group,
the high number of correctly detected events in agreement still likely provides sufficient evidence
to identify those subjects as having a more severe underlying condition.

Moving on to the DNN-based approaches, we find that our sequence-to-sequence event pre-
diction model, which uses features learned from the polysomnography data, is fairly competitive
with our straightforward algorithmic implementation of the AASM event scoring rules in our
rule-based system, given that it has no explicit knowledge of the actual scoring rules. Notably,
it consistently and handily outperforms the feed-forward model. We find this significant, as the
feed-forward model operates on the same hand-engineered features as the algorithmic rule-based
system. However, the sequence-to-sequence model only exceeds the 85% agreement threshold
for subjects in the none and mild severity groups; it falls just short at 81.5% for subjects in the
moderate severity group, and under-performs for subjects in the most severe group.

To further explore the epoch-level event detection accuracies, we compare the event confus-
ability for each approach, and further analyze these epoch-level predictions by computing several

statistical measures. Table 9.2 depicts a simplified version of the confusion matrices first presented
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Approach True Predicted
No event Hypopnea Apnea
Rule-based No event 16451 1124 84
Hypopnea 1172 852 0
Apnea 135 219 3
Feed-forward No event 12415 4793 451
Hypopnea 558 1239 227
Apnea 15 213 129
Sequence-to-sequence No event 14837 772 205
Hypopnea 2952 481 203
Apnea 353 41 196

Table 9.2: Simplified rule-based, feed-forward, and sequence-to-sequence event detection confu-
sion matrices. Note that the sequence-to-sequence model uses an alternative approach (described
in Section 8.3.3) to determine the best true event label per 30-second epoch; per-row subtotals are
correspondingly different.

in Tables 6.1, 8.4, and 8.6. Each matrix represents 20,040 epochs (i. e., 167 subjects times 1 hour,
times 60 minutes per hour, times 2 epochs per minute), each 30 seconds in duration, from the
first hour of sleep. Here, we note high confusability between no event and hypopnea for all three
approaches, accounting for 84.0, 85.5, and 82.3% of the prediction error for the rule-based, feed-
forward, and sequence-to-sequence approaches, respectively. We also note the relatively high
false positive hypopnea detection rate for the feed-forward model, and the relatively high false
negative rate for the sequence-to-sequence model, as compared to the rule-based system. For the
rule-based and feed-forward systems, note that the true event labels are determined according to
the terminology used in the AASM scoring manual, where the ill-defined “predominant” label is
used to describe the entire epoch. Conversely, recall that our sequence-to-sequence model uses
an alternative approach as part of our departure from the manual scoring process, as described
in Section 8.3.3, to determine the most representative true event label per 30-second epoch for
training and testing; per-row subtotals are correspondingly different for the sequence-to-sequence
model, while the total number of epochs remains the same.

The feed-forward model does exhibit the highest true positive hypopnea detection rate of
the three at 65.9%, compared to 42.1% for the rule-based system and 13.2% for the sequence-to-
sequence model. The apparent cost—and possibly, the cause—of this increased detection rate is
the over-prediction of hypopnea by the model. As we note in Section 8.5, further work is required
to more thoroughly investigate the underlying cause of these mispredictions. Finally, despite the
overall higher event detection accuracy of the rule-based system, we find that it does not predict

apnea well. Rather, nearly two-thirds of true positive apnea events are mispredicted as hypopnea,



122

Measure/metric Approach

Rule-based Feed-forward Sequence-to-sequence

Condition positives 2381 2381 4226
Condition negatives 17659 17659 15814
True positives 1074 1808 921
True negatives 16451 12415 14837
False positives 1208 5244 977
False negatives 1307 573 3305
True positive rate/sensitivity /recall 0.451 0.759 0.218
True negative rate/specificity 0.932 0.703 0.938
Positive predictive value/precision 0.471 0.256 0.485
Negative predictive value 0.926 0.956 0.818
False negative rate 0.549 0.241 0.782
False positive rate 0.068 0.297 0.062
Accuracy 0.875 0.710 0.786
Balanced accuracy 0.691 0.731 0.578
F1 score 0.461 0.383 0.301
Matthews correlation coefficient 0.390 0.313 0.218

Table 9.3: Event detection measures and metrics for all subjects in the PSG corpus. Condition,
true, and false positive and negative measures indicate the number of corresponding 30-second
epochs; all following metrics are calculated from these measures.

with the remainder being mispredicted as false negatives (i. e., no event). Again, further work is
required to determine the underlying cause; we find this peculiar given our strict adherence to
the published AASM event scoring criteria, and a best-effort attempt at ill-defined aspects of the
otherwise well-codified rules, such as baseline estimation.

Table 9.3 lists the measures and metrics we derive from the confusion matrices in Table 9.2.
We list the number of condition positive and negative epochs, where condition positives include
all epochs actually labeled as a disordered breathing event of any type, and condition negatives
include all those actually labeled as no event. The true and false positive and negative epoch
counts are determined from the epoch-level predictions for each approach. We calculate several
metrics from these measures to better assess the performance of each approach, as accuracy alone
can be misleading due to class imbalance. Here, we note that our rule-based and sequence-to-
sequence systems exhibit high specificity (or true negative rates) but moderate to low sensitivity
(or true positive rates), while our feed-forward system achieves better balance between the two.
Correspondingly, the rule-based and sequence-to-sequence systems also exhibit low false positive

rates, but moderate to high false negative rates.
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We also note that while the total accuracy indicates that our rule-based system achieves the
highest agreement with the human-expert labels, the balanced accuracy reveals that our feed-
forward system is perhaps more performant, due to normalizing the true positives and negatives
by the condition positives and negatives, respectively. Here, the increased sensitivity of the feed-
forward system is more fairly reflected, given the smaller percentage of condition positive epochs.
Meanwhile, despite having a higher total accuracy, our sequence-to-sequence system is penalized
more fairly for its lower sensitivity in the balanced accuracy metric. However, the sequence-to-
sequence system does exhibit substantially higher precision (or positive predictive value) than the
feed-forward system, while slightly outpeforming the rule-based system.

Finally, we note that the resulting F; score and Matthews correlation coefficient metrics both
indicate that our rule-based system is the most performant, followed by our feed-forward system,
then our sequence-to-sequence system. This finding is somewhat unsurprising, given that this or-
dering of systems also ranges from most informed by human-expert knowledge to least informed,
despite the higher total accuracy of the sequence-to-sequence system and the higher balanced
accuracy of the feed-forward system. However, one must consider the cost of false positives and
false negatives, which, in a diagnostic paradigm, may both ultimately lead to misdiagnosis. In a
screening scenario to identify potential at-risk patients for more comprehensive clinical follow-up,
the high specificity of the rule-based and sequence-to-sequence systems may be preferred, even
if the systems are less sensitive. Conversely, in a long-term monitoring scenario for a patient with
an established degree of sleep-disordered breathing severity, the higher sensitivity and overall
more balanced event detection accuracy of the feed-forward system might be preferable, despite

a substantially higher false positive rate.

9.1.2 Severity Estimation Results

Our second high-level task, after event detection, is overall sleep-disordered breathing severity
estimation. We summarize our results from our two estimation approaches, which are based
on (i) mean desaturation from baseline SpO,, as part of our rule-based system, and (ii) mean
probability of disordered breathing event, as part of one of our DNN-based systems. Table 9.4 lists
the correlations (i. e., Pearson’s product-moment correlation coefficient, ) between the severity
estimates produced by these two methods and the clinically-accepted measure of severity, the
apnea-hypopnea index (AHI). Note that we report the correlation with the full-night AHI for
both methods; we also report the correlation with the AHI determined from the first hour of sleep
for the mean probability of event estimate, as that method uses only data from the first hour of

sleep for its prediction.
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Severity estimation method AHI Correlation (r)
Mean desaturation from baseline SpO,  full-night 0.353
Mean probability of SDB event full-night 0.468

first hour 0.616

Table 9.4: Correlations between mean desaturation and mean event probability severity estima-
tions and clinically-derived AHI

We find that both of our severity estimation approaches have a positive correlation with the
clinically-derived AHI, with the mean probability of SDB event estimation exhibiting a stronger
positive correlation than the mean desaturation one. Moreover, the probability of event estimation
has an even stronger correlation with the AHI derived from the first hour only, providing a more
representative assessment of its relationship to the true severity. Given our sample size (n = 167)
and underlying distribution of true severity values in our polysomnography corpus, we find that
both of our severity estimates are useful for approximating true severity, with the mean probability

of event estimate clearly being more performant.

9.2 Suitability of Our Approaches

We frame our assessment of the suitability of our sleep-disordered breathing event detection
and severity estimation approaches for their intended purpose by revisiting our original problem
and thesis statements. In Section 1.2, we state that alternative approaches to diagnosing sleep-
disordered breathing using traditional full-night clinical polysomnography with manual event
scoring must be considered, in large part to increase the amount of screening for and diagnosis of
sleep-disordered breathing and related conditions being done in an effort to reduce the overall bur-
den on the individual and the healthcare system alike. We hypothesize that our machine-learning
based systems can detect disordered breathing events with acceptable inter-rater reliability (IRR)
with trained human experts, and predict overall SDB severity with a strong correlation to the
clinically-derived AHI. In this section, we present our assessment in terms of strengths of our
approaches, weaknesses or shortcomings of our approaches, and discuss challenges related to our

automatic approaches and to event detection in general.

9.2.1 Strengths

For our first intended purpose, disordered breathing event detection, we conclude that our rule-

based algorithmic implementation of the American Academy of Sleep Medicine event scoring
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rules clearly succeeds at predicting SDB events with acceptable IRR with trained human experts,
as it achieves an average of 86.4% agreement over all 167 subjects. Furthermore, it exceeds 90%
agreement for all but the most severe subjects.

Moving on to our two-stage hidden Markov model-based system, we conclude that it succeeds
at tracking ventilatory effort in general, with the caveat that very quiet, audibly-indiscernable
breathing sounds are problematic for our system and human labelers alike. Given our Stage I
results (presented in Section 7.2.5), we conclude that sleep breathing audio is a viable candidate
as a surrogate for ventilatory effort, especially in a home sleep environment for initial screening
purposes. However, we are unable to report any substantial measure of success at detecting
actual disordered breathing events using sleep breathing audio, given our current approach using
ventilatory effort label durations. We discuss possible directions for related lines of research that
use non-obtrusive alternatives to attached sensors, including sleep breathing audio, in Section 9.4.

Finally, for our deep neural network-based systems, we conclude that our sequence-to-sequence
model presents a viable alternative to manually-engineered features, based on the very good event
detection accuracy for subjects with less severe sleep-disordered breathing, and promising accu-
racy for those more severe SDB. The overall IRR of this system falls short of the 85% agreement
threshold, achieving an average of 77.4% agreement with trained human experts, as reported in
Table 9.1. However, as indicated by Table 9.2 and discussed in Section 9.1.1, our sequence-to-
sequence model exhibits a higher true positive apnea event detection rate than our rule-based
system, prompting the need for further discussion of the merits of the AASM event scoring
rules—which our rule-based system directly implements—versus learned features. We consider
our sequence-to-sequence model a success, with room for improvement in reducing false negatives
for more severe subjects to sufficiently raise agreement to meet or exceed the 85% threshold. Ad-
ditionally, while it exhibits the lowest agreement, our feed-forward model does yield the highest
balanced accuracy, due to its better balance between sensitivity and specificity; we also consider
this a success.

For our second intended purpose, sleep-disordered breathing severity estimation, we con-
clude that our mean probability of sleep-disordered breathing event method predicts overall SDB
severity with a strong correlation to the clinically-derived AHI. We find that our other severity
estimation method, based on the mean desaturation from baseline SpO,, shows promise, but
exhibits a weaker correlation as currently designed. Although a clear decision boundary between
typical and disordered breathing is not evident, we see value in our more performant severity
estimation method for screening purposes, or as a diagnostic aid in a clinical monitoring scenario,

to prioritize further investigative efforts by identifying potentially-afflicted patients.
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We also note that any reasonable replacement ventilatory effort sensor can be used by our
method due to the feature learning aspect of the CNN encoder component, further extending
its usefulness beyond clinical polysomnography to a variety of less-obtrusive data collection
mechanisms. Finally, given the advancements in technology in the last several years, a pre-trained
DNN model such as ours can efficiently be used on hand-held portable devices—including recent
smartphones—in the field, making at-home and point-of-care screening an inexpensive, routine

occurrence rather than a costly, infrequent one.

9.2.2 Weaknesses

As summarized in Section 9.1, our event detection and severity estimation approaches are not
without their weaknesses. Starting with event detection, the most significant issue affecting all
of our approaches is the high degree of confusability between no event and hypopnea. For our
algorithmic rule-based system, we note equal, moderate amounts of both false positives and false
negatives; for our feed-forward DNN, a large amount of false positives; and for our sequence-
to-sequence DNN, a moderate amount of false negatives. Beyond lowering overall accuracy, the
mispredictions point out that hypopnea itself is inherently more difficult to cleanly distinguish
from no event, a challenge that we discuss further in Section 9.2.3. Furthermore, we also note the
inability of our most performant event detection model to successfully predict true apnea events.

For severity estimation, even our most performant method does not achieve exceptionally high
linear correlation with the true severity as measured by the apnea—hypopnea index. Perhaps less
encouraging is the lack of a clear decision boundary in the estimated severity values to distinguish
between typical and disordered breathing. This lack of a clear decision boundary is an obvious
weakness of our severity estimation methods, as without it, any attempt to use the measure as a
replacement for the full-night AHI will lead to under- or over-estimation of disordered breathing,

depending on the chosen threshold and one’s preference for sensitivity or specificity.

9.2.3 Challenges

We recognize several challenges in our work on our own automated methods, and in SDB event
detection in general. Our first major challenge is the lack of availability of corpora with scored
events, which we address by creating our own corpora—in turn leading to several other challenges,
including the significant amount of time and effort required to design, propose, receive approval
for, and carry out a data collection study in a clinical environment, all without interrupting the

critical patient-facing care being provided. Over the past several years, related corpora have
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become available; however, none appear to include the sensor data used for disordered breathing
event scoring, or the corresponding event labels and timestamps needed to properly train a
machine learning model. We do note the existence of several EEG corpora, a few of which provide
sleep staging information on an epoch-by-epoch basis; most appear oriented toward epilepsy or
seizure detection research.

More specific to our sleep breathing audio corpus, confounding factors such as body position
changing throughout the night, environmental noise from entertainment and heating or cooling
systems, and the presence of another person sleeping in the same room or bed make acquisition
of noise-free audio a near-impossible task. Something as simple as a person rolling over in the
bed often results in the person’s face no longer being oriented toward a microphone, reducing the
amplitude of any recorded sounds. Aside from this situation, we also note significant difficulty
in labeling ventilatory effort containing very quiet breathing, further complicating the tedious
task of fine-grained labeling of each breath. To truly assess the use of sleep breathing audio as a
representative surrogate for ventilatory effort, a much larger corpus of labeled audio on the scale
of our polysomnography is required. We expect similar difficulties would arise for any similar
surrogate for ventilatory effort that might be used in a screening or monitoring scenario.

More generally, any automatic approach that deviates from the official AASM guidance faces
the challenge of clinical acceptance. As we note in Chapter 4, much work is being done on such
methods, but remain predominantly in the realm of research, not yet part of the clinical stan-
dard of care. In conversations with sleep medicine physicians and registered polysomnography
technicians on staff at the Oregon Health & Science University sleep lab, as well as in the larger
community at various professional conferences, we take away the impression of a healthy skepti-
cism for automatic sleep staging and event scoring alike. We note that is quite frequently based
on the underwhelming performance of automated utilities built into larger polysomnography
software systems, with RPSGTs anecdotally explaining that some of these tools work well (for
example, periodic leg movement detectors), while others such as disordered breathing event de-
tectors produce so many false positives that the time and effort required to review and correct the
automatically-generated output is greater than simply scoring a sleep study manually.

The most common—and quite understandable—recurring theme amidst this skepticism is the
perceived opaqueness of the internals of machine learning methods and corresponding learned
features. Without the ability to truly understand and clearly articulate precisely what the machine
is learning and modeling (e. g., rate of change of some sensor’s values), and how it is using that
learned or modeled information to predict events, we believe researchers will continue to face

challenges gaining clinical support for acceptance into the routine standard of care. We take
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care to frame our work as part of an effort to enable mass screening, or to augment human
expertise as a diagnostic tool, not an attempt to promote a new gold standard. However, one
must recognize that the historical dependence on domain-specific knowledge, leading to features
engineered by human experts, is slowly eroding in many fields, as the ability of machine learning-
based systems—and an exponentially-growing amount of data and ability to store and efficiently
process it—continues to increase.

We recognize and highlight one last challenge inherent in all of our work on automated
approaches: the relatively subjective nature of manual event scoring. We first discuss this issue
in Section 3.6, where we introduce the AASM event scoring rules, noting the lack of clear and
definitive explanation of the notion of baseline; this is especially troubling for the computer
scientist or engineer who greatly prefers precise, formal specifications. Most troubling is the
fact that this ill-defined notion of baseline is at the core of the event scoring rules, where “peak
excursion from baseline” or “desaturation from baseline” exceeding some threshold is an essential
part of detecting disordered breathing events.

The situation is further compounded by what we consider inherent fuzziness in the manual
event scoring process when human experts visually integrate the PSG sensor values and apply
the AASM scoring rules. PSG software systems do include on-screen measurement tools to aid
in the quantification of differences in amplitude in the recorded ventilatory effort sensor values,
but there is no expectation that PSG technicians use these tools to score each and every event
throughout a full-night study. Rather, humans rely on expertise and innate ability to subjectively
assess baselines and excursions from baseline as they review 30-second epochs of sensor data.
We attempt to address this fuzziness in Section 6.3, where we loosen the decision boundaries
prescribed by the scoring manual in our own rule-based system. Despite a comprehensive grid
search of many combinations of the space, we only achieve a slight improvement in agreement

with the ground truth event labels.

9.3 Summary of Contributions

With this body of work, we contribute a collection of automated sleep-disordered breathing event
detection and severity estimation approaches that explore a continuum that varies from most
aligned with established clinical practices and informed by human expertise—our rule-based event
detection system and related mean desaturation from baseline SpO, severity estimation method—
to fully automated with discriminating features learned by the machinery—our DNN-based event

detection and severity estimation systems, where our hybrid, feature-learning CNN-LSTM system
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using raw sensor data significantly outperforms our feed-forward DNN using hand-engineered
features based on the AASM event scoring criteria.

We also contribute two new corpora collected at the Oregon Health & Science University sleep
lab, a large full-night clinical polysomnography corpus and a smaller corpus of high-quality,
time-aligned sleep breathing audio collected during clinical polysomnography. It is our hope that
these corpora enable further research at the university and beyond, with appropriate institutional
review board approval and oversight, including longitudinal studies of the patients included
as study subjects in our corpora. Furthermore, we contribute our automated approaches for
threshold-based handling of sensor failure, estimation of peripherial oxygen saturation sensor
delay, and estimation of sensor baseline, all necessary aspects of event detection and severity
estimation that any system must address to ensure proper functioning, and more importantly,

accurate results.

9.4 Outline of Future Work

We draw this body of work to a close by briefly outlining relevant areas for further exploration
and future work. Beyond simply improving the event prediction accuracy of our approaches,
we propose applying our CNN-LSTM system to closely-related tasks, such as automated sleep
staging or detection of other phenomena occuring during sleep like Cheyne-Stokes breathing or
periodic leg movements. Given the demonstrated ability of the convolutional neural network to
learn filters that, in effect, extract relevant features from the underlying sensor data, we anticipate
a degree of success using this specific approach on related tasks.

We also see great value in working closely with trained human experts to manually review the
results of our event detection systems, particularly those epochs where our machinery predicts
a disordered breathing event with high confidence, yet no event was manually scored. Beyond
helping us understand our system’s prediction errors, we optimistically consider that we might
discover that our system is picking up on some change evident the sensor data that is indicative
of a departure from typical physiological function. To that end, we conclude by quoting from
the American Academy of Sleep Medicine position statement on artificial intelligence in sleep

medicine, published in the Journal of Clinical Sleep Medicine on April 15, 2020:

Sleep medicine is well positioned to benefit from advances that use big data to cre-
ate artificially intelligent computer programs. One obvious initial application in the
sleep disorders center is the assisted (or enhanced) scoring of sleep and associated

events during polysomnography (PSG). This position statement outlines the potential
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opportunities and limitations of integrating artificial intelligence (AI) into the practice

of sleep medicine.

Additionally, although the most apparent and immediate application of Al in our field
is the assisted scoring of PSG, we propose potential clinical use cases that transcend
the sleep laboratory and are expected to deepen our understanding of sleep disorders,
improve patient-centered sleep care, augment day-to-day clinical operations, and in-

crease our knowledge of the role of sleep in health at a population level [61].

Though we do not personally anticipate redefining the gold standard through our own such effort,

we do aspire to better inform those charged with refining and improving it.
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