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Summary

Sleep is important for daily wellbeing and long-term health. Obstructive sleep apnea
(OSA) is a common sleep disorder that deteriorates sleep quality and has various adverse
health effects. OSA is caused by repetitive partial or complete obstruction of the upper
airways during sleep, leading to hypopneas or obstructive apneas respectively, typically
followed by oxygen desaturations and arousals.

Despite several limitations, the severity of obstructive sleep apnea (OSA) is typically
measured using the apnea-hypopnea index (AHI), which counts the number of obstruc-
tive apneas and hypopneas per hour of sleep. Monitoring the AHI is useful during OSA
treatment, as it provides an indication of whether respiratory events are adequately
addressed, or, in case it increases, that therapy might require adjustments. Ideally, sleep
itself should also be monitored during treatment, but this is not yet feasible.

Positive airway pressure (PAP) is an often-used therapy for OSA. Typically, PAP devices
also monitor the AHI by analysing the airflow signal, but do not assess sleep itself. Besides
PAP therapy, alternative OSA treatments have been developed. An interesting alternative
therapy targets specifically positional OSA, a phenotype where apnea and hypopnea
events predominantly occur in supine posture. Positional therapy (PT) devices use a
chest-worn accelerometer to assess posture and provide haptic feedback to avoid the
supine position, reducing the burden of OSA. However, PT devices currently lack AHI
measurement, as they typically are not able to measure airflow, and thus, miss a direct
indication of decreased or interrupted breathing.

This thesis focuses on the development of a method to assess sleep and estimate the AHI
using chest-wall accelerometry. The first part of the thesis explores the development of
novel techniques to extract cardiorespiratory metrics from a chest-worn accelerometer,
focusing on reliability during overnight use by patients with sleep disorders. Chapters 1
and 2 introduce novel methods to estimate respiratory effort. In chapter 1, respiratory
effort is estimated using an adapted version of principal component analysis, which leads
to results with substantially lower error than state-of-the-art methods for estimating re-
spiratory effort in healthy individuals. To further improve performance and robustness in
larger, sleep-disordered breathing populations, chapter 2 introduces a novel regression
method based on a convolutional neural network. This method shows a further reduction
of error in estimating respiratory effort, even in the presence of sleep disorders. Chapter
3 presents a novel method for heartbeat localization and inter-beat interval estimation.
The method utilizes maximum a posteriori estimation, and an optimal solution is approxi-
mated by means of a Markov decision process.
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The second part of the thesis investigates how methods, originally designed for estimat-
ing sleep stages and AHI from cardiorespiratory signals, obtained with electrocardiogra-
phy (ECG) and respiratory belts, can also work with signals derived from a chest-worn ac-
celerometer. In chapter 4, we investigate whether a neural network for cardiorespiratory
sleep staging can be applied to the signals derived from a chest-worn accelerometer. We
show that total sleep time, required for the computation of the AHI, can be computed ac-
curately, and that estimated sleep stages show substantial agreement with those scored
from polysomnography. In chapter 5, we adapt a neural network for AHI estimation from
cardiorespiratory metrics to the specific characteristics of chest-wall accelerometry by
means of transfer learning. The estimated AHI and corresponding severity classification
reach a high correlation and show substantial agreement with that scored from polysom-
nography.

In summary, the work presented in this thesis significantly advances the performance
and robustness of estimation of cardiorespiratory metrics from chest-wall accelerometry,
which allow for the accurate estimation of sleep stages and AHI. This work has several
applications, for example enabling the use of chest-wall accelerometry for monitoring of
residual AHI during therapy for positional OSA. Furthermore, implementation in diagnos-
tic devices such as those for extended Holter monitoring could expand the yield of those
investigations to include sleep apnea screening.
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Samenvatting

Slaap is belangrijk voor het dagelijks welzijn en de gezondheid op lange termijn. Obstruc-
tieve slaapapneu (OSA) is een veel voorkomende slaapstoornis die de slaapkwaliteit ver-
slechtert en verschillende nadelige gezondheidseffecten heeft. OSA wordt veroorzaakt
door herhaaldelijke gedeeltelijke of volledige obstructie van de bovenste luchtwegen
tijdens de slaap, wat leidt tot respectievelijk hypopneus of obstructieve apneus, vaak
gevolgd door zuurstof desaturatie en/of slaap fragmentatie.

Ondanks verschillende beperkingen wordt de ernst van OSA meestal gemeten met
behulp van de apneu-hypopneu index (AHI), die het aantal obstructieve apneus en
hypopneus per geslapen uur aangeeft. Het monitoren van de AHI is nuttig tijdens de
behandeling van OSA omdat het een indicatie geeft of obstructies voldoende worden
voorkomen en, als er een toename is, de therapie aangepast kan worden. Idealiter zou de
slaap zelf ook gemonitord moeten worden tijdens de behandeling, maar dit is nog niet
haalbaar.

Positive airway pressure (PAP) is een veelgebruikte therapie voor OSA. PAP-apparaten
meten meestal de AHI door de luchtstroom te observeren, maar beoordelen de slaap zelf
niet. Naast PAP-therapie zijn er alternatieve OSA-behandelingen ontwikkeld. Een interes-
sante alternatieve therapie is voor positieafhankelijke OSA, een fenotype waarbij apneus
en hypopneus hoofdzakelijk voorkomen in rugligging. Apparaten voor positietherapie
(PT) maken gebruik van een op de borst gedragen accelerometer om de houding te
meten en geven voelbare feedback om de rugligging te vermijden, waardoor de last van
OSA wordt verminderd. PT-apparaten hebben momenteel geen AHI-meting omdat ze
geen toegang hebben tot de luchtstroom en daarom geen indicatie hebben van obstruc-
ties in de luchtweg.

Dit proefschrift richt zich op het ontwikkelen van een methode om de slaap te beoorde-
len en de AHI te schatten met behulp van accelerometrie op de borstwand. Het eerste
deel van het proefschrift richt zich op het extraheren van cardiorespiratoire meetgege-
vens uit een op de borst gedragen accelerometer. Hoofdstukken 1 en 2 introduceren
nieuwe methoden om de ademhalingsinspanning te schatten. In hoofdstuk 1 wordt een
variatie op principale-componentenanalyse gebruikt om resultaten te verkrijgen met
een aanzienlijk lagere fout dan de tot dan toe bekende methoden voor het schatten van
de ademhalingsinspanning bij gezonde personen. Om de prestaties en robuustheid bij
grotere populaties met slaapstoornissen verder te verbeteren, introduceert hoofdstuk 2
een nieuwe regressiemethode op basis van een convolutioneel neuraal netwerk. Deze
methode laat een verdere reductie van de fout zien in het schatten van de ademhalings-
inspanning, zelfs in de aanwezigheid van slaapstoornissen. In hoofdstuk 3 wordt een



10 | Samenvatting

nieuwe methode gepresenteerd voor het lokaliseren van hartslagen in tijd en het schat-
ten van het interval tussen de hartslagen. De methode maakt gebruik van maximum a
posteriori schatting en een optimale oplossing wordt benaderd door middel van een
Markov beslissingsproces.

In het tweede deel van het proefschrift wordt onderzocht of methoden die oorspronke-
lijk zijn ontworpen voor het schatten van slaapstadia en AHI verkregen uit sensoren voor
elektrocardiografie en ademhalingsplethysmografie, ook werken met meetgegevens die
zijn afgeleid van een op de borst gedragen accelerometer. In hoofdstuk 4 onderzoeken
we of een neuraal netwerk voor slaapstadia verkregen uit cardiorespiratoire signalen uit
elektrocardiografie en ademhalingsplehysmografie, ook kan worden toegepast op de sig-
nalen van een op de borst gedragen accelerometer. We tonen aan dat de totale slaaptijd,
die nodig is voor de berekening van de AHI, nauwkeurig kan worden berekend en dat
de geschatte slaapstadia een aanzienlijke overeenkomst vertonen met de stadia afgeleid
uit polysomnografie. In hoofdstuk 5 passen we een neuraal netwerk voor het schatten
van de AHI uit cardiorespiratoire meetgegevens aan op de specifieke kenmerken van
accelerometrie op de borstwand door middel van overdrachtsleren. Daarmee bereiken
de geschatte AHI en bijbehorende ernstclassificatie een hoge overeenstemming met die
afgeleid uit polysomnografie.

Het in dit proefschrift gepresenteerde werk verbetert de prestaties en robuustheid van
cardiorespiratoire metingen via borstwandaccelerometrie aanzienlijk, waardoor de
accurate schatting van slaapstadia en AHI mogelijk wordt. Dit werk heeft verschillende
toepassingen, bijvoorbeeld het gebruik van accelerometrie op de borstwand voor het
volgen van AHI tijdens therapie voor positieafhankelijke OSA. Bovendien kan toepassing
in diagnostische apparaten zoals die voor uitgebreide Holter-monitoring de opbrengst
van dergelijke onderzoeken uitbreiden met slaapapneu screening.
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Introduction

The patient

The work in this thesis should lead to technological developments that ultimately
improve the lives of patients. As an example, we followed a hypothetical patient.
Our patient was a 54-year-old male living in a small village in the province of Lim-
burg, the Netherlands. He was an operator at the local power station, where he
controlled power delivery to the grid. His physical activities comprised occasional
cycling and gardening, he was slightly overweight and could be short of breath.
At the time, he had been experiencing unexplained episodes of sleepiness. He
occasionally dozed off, not only while watching TV, but also at work, which was
concerning given his responsibilities. In addition, his wife had started complaining
about his increased snoring at night.

Worried about these symptoms, they decided to visit their physician. During
the consultation, the physician asked about his overall well-being and specific
complaints. Given the daytime sleepiness and reported snoring, the physician sus-
pected obstructive sleep apnea (OSA) and proceeded with relevant follow-up
questions. The physician inquired whether our patient’s wife had observed any
breathing pauses and asked the patient about his sleep habits, awakenings, and
whether he woke up with a headache or dry mouth.

The physician also reviewed his medical history and checked for previously
reported cardiovascular conditions known to be associated with OSA, such as
hypertension, heart failure, and atrial fibrillation. During the physical examination,
she found no cardiac or respiratory abnormalities but noted an elevated BMI (28.7
kg/m?) and high blood pressure (140/95 mmHg). Based on these findings, she as-
sessed the potential presence of OSA.

Obstructive sleep apnea (OSA) is characterized by a repetitive reduction or absence
of respiration (apnea), caused by obstruction in the upper airways, as indicated in the
box “Obstructive Sleep Apnea”. Common symptoms include excessive daytime sleepi-
ness, sleep disturbances, and snoring. OSA can have adverse long-term health effects.
Increased sympathetic activation may persist throughout the day and cause hyperten-
sion'. Through pathways such as intermittent hypoxia and sleep fragmentation, OSA can
contribute to the development of type 2 diabetes’. Cardiac functioning is also impacted
as OSA was found to be an independent risk factor for atrial fibrillation and heart failure®.
OSA may be asymptomatic and remain undiagnosed. Excessive sleepiness is reported by
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as few as 15% to 50% of OSA patients and there is currently no high-quality evidence of
linking asymptomatic OSA to cardiovascular events *.

OSA is a heterogeneous disease with multiple causes, including anatomical factors
like a narrowed airway and non-anatomical factors such as muscle unresponsiveness
or respiratory control instability. Although OSA phenotyping is emerging, the current
diagnostic and reimbursement standards still rely on the frequency of the obstructions
per slept hour, expressed in the apnea-hypopnea index (AHI). The diagnostic criteria for
the establishment of OSA have been described in the International Classification of Sleep
Disorders (ICSD)°.

OSA is highly prevalent. A recent meta-study estimated the global prevalence among
adults aged 65 years and older to be 35.9%. Correlated risk factors include high BMI,
increasing age, and male gender®. With the aging global population and the obesity
epidemic, the prevalence of OSA is expected to rise even further.

In the case of our patient, as the physician suspected OSA, she decided to refer
him to the regional hospital for further diagnosis. Given our patient’s work re-
sponsibilities and potential consequences of dozing off, she asked for a rapid
follow-up. The next day, our patient received an invitation from the hospital to see
a pulmonologist. At the visit one week later, the specialist reviewed the physician’s
notes, discussed our patient’s symptoms, and performed a general examination of
his lungs and upper airways. Like the physician, the pulmonologist also suspected
OSA and promptly scheduled him for an overnight sleep study.

Obstructive Sleep Apnea

Normal respiration involves ventilation: air movement into and out of the lungs.
A feedback system controls minute volume (respiration rate X tidal volume) to
maintain stable CO, and O, blood concentrations. During inhalation, respiratory
muscles contract, lowering lung pressure and increasing lung volume as air flows
in. Exhalation is a passive process as muscles relax, and elastic recoil reverses the
flow. Respiration is typically measured with multiple sensors. Thoracic and abdom-
inal belts provide an estimate of the lung volume and are used as a surrogate for
respiratory effort. An oronasal thermal flow sensor (thermistor) measures the sum
of flow through mouth and nose A nasal pressure transducer measures the nasal
airflow. An SpO, sensor measures the O, blood oxygen concentration. An example
of the signals from these sensors during normal breathing is given in Figure 1.
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Figure 1 Signals during normal respiration (eupnea). Thoracic and abdominal volume measured
by thoracic (Tho) and abdominal (Abd) respiratory belts; Airflow measured by an oronasal air-
flow sensor; Nasal pressure; blood oxygen saturation (SpO2).

Obstructive sleep apnea occurs when pharyngeal soft tissue collapses, reducing
air flow during inhalation. An obstructive apnea is defined as a reduction in airflow
of at least 90% (full collapse), while a hypopnea is defined as a reduction in airflow
of 230% but < 90% (partial collapse) that is linked to either oxygen desaturation
(SpO,) of 3% or more, or a cortical arousal. Mechanical and chemical receptors
sense the obstructive event and cause activation of the sympathetic nervous
system, which initiates muscle contractions to remove the obstruction. Figure 2
displays a sequence of apnea events, causing intermittent reductions in pressure,
flow, volume, and O, concentration (SpO,).
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Figure 2 Signals during OSA respiration (apnea). Thoracic and abdominal volume measured by
respiratory belts; Airflow measured by an oronasal airflow sensor; Nasal pressure; blood oxygen
saturation (SpO,). Airflow reduces by > 90% and oxygen desaturates up to 10%.
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The sleep study

The purpose of a sleep study is to measure sleep and detect sleep-related events, includ-
ing apneas and hypopneas. The clinician uses the study results, along with other informa-
tion, to diagnose sleep disorders. For the diagnosis of OSA, the AHI is used

AHI — #apnea events + #hyg)opnea events
total sleep time

The AHI represents the frequency of respiratory events (here: apnea and hypopnea
events) over the time slept in events per hour. To obtain the total sleep time, it is essential
that sleep is measured as part of an OSA diagnosis. In addition, the measurement of sleep
provides an overview of the sleep architecture (see the box “The measurement of sleep”).
The sleep architecture offers crucial information for diagnosing other sleep disorders,
such as those related to circadian rhythm or sleep continuity. Furthermore, understand-
ing sleep architecture can aid in the phenotyping of OSA, such as REM-OSA, where respi-
ratory events predominantly occur during REM sleep.

There are various types of sleep studies, depending on the physiological signals used (see
the box “Types of sleep studies”). The gold standard is supervised in-laboratory polysom-
nography (PSG), designated as “Type 1" Since a Type | sleep study is relatively expensive,
alternative methods have been developed, ranging from Type Il (ambulatory PSG, typi-
cally at home) to Type IV. Types Ill and IV sleep studies are referred to as home sleep apnea
tests (HSAT), as they aim to measure OSA but typically do not (directly) measure sleep
since they lack the required neurological signals. Some Type Ill and IV sleep tests estimate
total sleep time and sleep architecture using surrogate sensors, but their agreement with
a gold-standard measurement may be poor ’.

A Type Il sleep test typically employs respiratory sensors, such as a thoracic belt and a
nasal cannula, and cardiac sensors, like finger plethysmography and SpO2, while a type
IV study does not. An example of a Type IV sleep study is peripheral arterial tonometry,
which may include a sensor on the suprasternal notch to detect snoring, and usually
includes a finger sensor to measure SpO2. In contrast, a Type Il (or Type I) sleep study uses
neurophysiological signals, including electroencephalography (EEG), electrooculography
(EOG), and electromyography (EMG), allowing for a gold-standard measurement of sleep
(see the box “The measurement of sleep”).



Introduction |

For our patient, the pulmonologist prescribed a Type Il sleep study. A few days
later, he received an invitation for an overnight sleep study. The invitation included
a folder instructing him to report to the hospital at 16:00, wearing loose night
clothing on the upper body, with washed and dry hair and a shaved chin.

Our patient complied, arrived at the hospital, and went home equipped with sen-
sors on the head, chest, face, and left hand. He had a quiet evening, went to bed
around 22:00, and woke up at 06:30, after which he filled out a sleep diary: a log of
activities, including sleep and wakefulness, as perceived by the patient.

Our patient had breakfast and returned to the hospital to have the sensors re-
moved.

19



20 | Introduction

The measurement of sleep

The measurement of sleep has been standardized by the American Academy of
Sleep Medicine (AASM). The measurement relies on polysomnography (PSG),
either conducted in a clinic (type | sleep study), or at home (type Il study). The
patient is equipped with sensors to measure parameters including electro-
encephalography (EEG: F4-M1 to O1-M2), electro-oculography (EOG: E1-M2 and
E2-M2), electro-myography (EMG Chin), electro-cardiography (ECG), respiratory
effort, sleeping posture, and leg movements.

All sensor signals are assembled into a polysomnogram and are subsequently di-
vided into 30-second intervals called epochs. A sleep technician then scores each
of the epochs into one of the sleep stages Wake, REM, and Non-REM, with Non-
REM comprising stages N1, N2, and N3. Scorings are based on the visual analysis
of patterns in the brain (EEG), eye (EOG), and chin muscle (EMG) signals. After the
scoring of sleep stages for the complete night, they are visualised in a hypnogram
showing the sleep architecture, see Figure 3. The height of a line indicates the
stage, with REM sleep is usually drawn as a thicker red line. REM sleep is sometimes
called paradoxical sleep, as the brain is highly active, while the skeletal muscles are
paralysed. N3 sleep is sometimes referred to as slow-wave sleep, as the neurons in
the cortex are all synchronized, firing in a slow rhythmic pattern.

Wake

REM

N1/N2
N3 . - ; .

T T T T T T
22:00:00 23:00:00 00:00:00 01:00:00 02:00:00 03:00:00 04:00:00 05:00:00 06:00:00 07:00:00

Hyp (PSG)

Figure 3 Example hypnogram. The study participant falls asleep around 22:30, first in light sleep
(N1/N2) and shortly before 23:00 in deep sleep (N3). The first REM period starts around 23:30,
while the participant wakes up around midnight. This pattern repeats three more times, with
shorter periods of N3 and longer periods of REM sleep. The participant is awake for a few ex-
tended periods during the night. The total recording time (TRT) is 541 min, with a total sleep time
(TST) of 394 min (73%).

The diagnosis

After removing the sensors from the patient, a pulmonary technician connected
the sleep test device to a PC and uploaded the data. A quick inspection confirmed
that the recording and data transfer were successful. Later in the week, the techni-
cian analysed the study data. Trained to score sleep stages and events according
to the AASM rules for the scoring of sleep and associated events®, the technician
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first reviewed the initial scorings provided by the sleep test equipment’s software
and manually adjusted these where needed. Using the adjusted scorings, the
software computed the hypnogram, sleep statistics, and event statistics (including
the AHI), and generated a draft report. Finally, the technician added the sleep diary
and analysis findings to the report and saved it for review by the pulmonologist.

The criteria for the diagnosis of OSA are described in the International Classification of
Sleep Disorders (Third Edition, Text Revision, ICSD-3-TR)’, and rely on OSA severity classes,
which are based on the AHI: 5 < AHI < 15 for Mild OSA, 15 < AHI < 30 for Moderate OSA,
and AHI = 30 for Severe OSA. However, the AHI alone is insufficient to diagnose OSA; the
symptoms should not be better explained by other causes, and for the severity class Mild,
there must be related complaints or symptoms. Current clinical guidelines indicate that
diagnosed OSA should be managed, with the management including therapy’.

One commonly used therapy, which directly targets the upper airway collapsibility, is
positive airway pressure (PAP). By applying a positive pressure at the airway openings,
airway collapse—the cause of the obstruction—can be effectively prevented. To facilitate
the ongoing evaluation of therapy efficacy, and to allow pressure adjustments during
therapy, modern PAP devices monitor the AHI on a nightly basis. Respiratory events (ap-
neas and hypopneas) are detected through cessations and reductions of airflow and are
then counted and divided by the total PAP usage time to obtain the so-called “residual
AHI". Observing trends in the nightly residual AHI allow the caregiver to adjust the therapy
when needed. A drawback of PAP therapy is that compliance can be problematic'®''. The
positive pressure and the wearing of a mask can be uncomfortable and intrusive. This is
one of the reasons why alternative therapies for OSA have been developed, which do not
rely on PAP and therefore do not require the use of masks.

The pulmonologist reviewed the technician’s report, and noted an AHI of 31 events
per hour, placing it in the Severe OSA category. She concluded that the patient had
OSA and required therapy, a judgment supported by the patient’s complaints, his
elevated BMI and blood pressure. She then considered which therapy to prescribe.
Recently she had had a couple of OSA patients who had been struggling with PAP
therapy. Their adherence was rather low; they only used the therapy during a part
of the night or even skipped whole nights.

She then further reviewed the technician’s report and noticed that the report high-
lighted a large difference in the AHI between the supine and non-supine sleeping
positions, with a supine AHI of 45 events per hour (over 276 minutes of supine
sleep) and a non-supine AHI of 5 events per hour (over 144 minutes non-supine
sleep).
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Therapy for positional OSA

In the context of alternative therapies, one phenotype of interest is positional OSA
(POSA), where OSA is more severe in the supine sleeping position and less severe in other
positions. Although various definitions have been developed for OSA being positional
(see the box “Positional Sleep Apnea”), POSA was found to be highly prevalent among
OSA patients. Prevalences of up to 75% have been reported, with up to 36% of OSA pa-
tients having exclusive POSA (AHI in non-supine sleep less than 5 events/h).

Positional Sleep Apnea

OSA was discovered not that long ago, in 1965, simultaneously in France by
Gastaut et al."?, and in Germany by Jung and Kuhlo". Both were investigating the
then so-called Pickwickian syndrome, named after an obese, daytime-napping
character from the Pickwick papers by George Orwell. Later, in 1984, Cartwright et
al. observed that, for some OSA patients, the AHI was much higher in the supine
position than in the non-supine positions'*. They attributed this effect to the back
of the tongue being pulled down by gravity, thereby closing the upper airways.
Over time, further studies have studied POSA and have used various definitions:

Cartwright, 1984 AHI, > 2 AHI,,

Marklund, 1998" AHI, > 10 and AHI,, < 10

Mador, 2005'® AHI, > 2 AHI,, and AHI,, < 5and AHI > 5
Bignold, 2011" AHI > 15and AHI, > 2 AHI,,and AHI,, < 15and

> 20 minutes of sleep in both s and n> positions

Levendowski, 2014'® AHI > 5and AHI, > 1.5 AHI,, and > 4 h Total
Sleep Time

APOC, 2015" (Establishment of OSA) and (Time slept in best and
worst sleeping positions > 10% of Total Sleep
Time) and ((AHT,,, < 5) or (AHI,, in lower category

than overall AHTI) or (AHI > 40 and
AHIy,, < 0.75 AHT))

AHI, = AHl in supine position, AHI,, = AHI in non-supine position, AH I, =
AHl in best sleeping position
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Therapy for POSA is in principle relatively straightforward and involves preventing the
patient from sleeping in the supine position, such that periods of sleep with a higher AHI
are avoided and the overall AHI is reduced. Early POSA therapies involved mounting a
tennis ball on the patient’s back®. Modern versions use an electronic device with haptic
feedback (see box “Positional therapy”). These devices are worn on the chest and use
an accelerometer to measure the sleeping position. Advantages of electronic versions
include the ability to gradually “train” the patient to avoid sleeping in the supine posture.
Additionally, these devices can monitor usage and sleeping position. Under the assump-
tion that OSA remains positional, the time in (non-)supine position may be used as an
indicator for therapy efficacy in addressing OSA, i.e. keeping the AHI low. However, this is
a risky assumption.

The diagnosis of POSA is often based on only a single night of measurement. Further-
more, the percentage of time spent in non-supine positions during diagnostic PSG may
be lower than during habitual sleep at home?', partly due to physical constraints imposed
by the actual monitoring equipment. Besides offering a skewed view of overall position-
specific severity, it may mean that the diagnosis of POSA is solely based on the measure-
ment of the (non-supine) AHI over a very short period. Additionally, OSA can worsen over
time; aging and weight gain can increase OSA severity. It may well be that OSA (re-) oc-
curs during non-supine positions even though it did not during the diagnostic measure-
ment. As with PAP therapy, the ability to monitor the AHI during therapy could provide
the caregiver with useful insights allowing for assessment of efficacy and potentially for
the adaptation of the therapy.

Back to our patient. Given the clear positional character of OSA, the pulmonologist
considered prescribing positional therapy. However, she was in doubt, especially
in relation to our patient’s job as a power plant operator. The overall AHI had been
quite high with 31 events per hour. Although the non-supine AHI had been quite
low with 5 events per hour, it had only been based on a 144-minute measurement.
Sending the patient away with positional therapy without further monitoring
could have left a potentially low therapy efficacy unnoticed. AHI monitoring
during therapy could have mitigated the risk and provided reassurance. Despite
these reservations, she decided to prescribe positional therapy. For certainty, she
scheduled a follow-up appointment in three months.
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Positional therapy

In electronic positional therapy®, a device worn around the chest monitors the
sleeping posture and provides vibrational stimuli when supine, see Figure 4. In this
way, the wearer is conditioned to avoid the supine position. In a study among 117
participants with POSA, this therapy proved to be non-inferior to PAP and dem-
onstrated a higher adherence®. The device comprises a battery, an accelerometer
to measure the sleeping position, a vibrator to provide the stimuli, a memory to
record the usage and sleeping posture, and a wireless connection to upload the
usage and position to a phone and the cloud. In this way, adherence and effective-
ness in avoiding the supine position can be reviewed.

E. £ v

Figure 4 The working principle of the NightBalance sleep position trainer. When in supine po-
sition the device gently vibrates (left), and the wearer is conditioned to turn away into a non-
supine position (right).

Cardiorespiratory measurements from chest-wall accelerometry

The work in this thesis relies on two important pillars: (1) cardiorespiratory measurements
from chest-wall accelerometry and (2) estimation of sleep stages and AHI from cardiore-
spiratory measurements.

The choice for accelerometry is motivated by its ease of integration into positional
therapy devices, which already require an accelerometer to monitor sleeping position.
This allows respiratory and cardiac measurements without altering the device’s enclosure
or usage. In contrast, alternative sensing solutions such as RIP belts or ECG electrodes
may offer higher accuracy for respiratory or cardiac signals individually, but they cannot
capture both modalities with a single sensor. Moreover, their integration would require
significant design changes—RIP belts involve electrical conductors in the belt, and ECG
electrodes require direct skin contact, making the device unsuitable for use over clothing
and sensitive to electrode wear out.
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The chest-wall was selected as the sensing location primarily due to its immediate prox-
imity to the lungs and heart. This anatomical position ensures high-quality mechanical
coupling to both organs, allowing simultaneous respiratory and cardiac measurements
to be obtained by a single sensor without the need for skin contact. Furthermore, placing
the sensor on the chest leverages the standard mounting location of current positional
therapy devices, reinforcing the goal of enabling dual-modality monitoring without alter-
ing the user experience.

Respiratory measurements

The measurement of respiration by means of chest-wall accelerometry relies on chest-
wall movements due to inhalation and exhalation. Upon inhalation the chest wall ex-
pands and hinges outward, while it contracts inward upon exhalation.

In the past, studies have been performed into the use of accelerometers to measure these
chest-wall movements (see box “How an accelerometer works”). In 2008, Hung et al. used
a 2D Analog MEMS accelerometer mounted on the chest wall to measure respiratory
waveforms, which they compared against those from respiratory impedance plethysmog-
raphy*. Later, in 2009, Jin et al. used a 3D accelerometer in combination with principal
component analysis (PCA) to estimate respiration rate®. More recently, in 2018, Cesareo
et al. confirmed that PCA was thus far the best method for dimensionality reduction
when estimating respiration rate®. While these studies have established the feasibility of
measuring respiration with chest-wall accelerometry, we have found no larger, overnight
studies, particularly for estimating the respiratory waveform in sleep-disordered patients.
This is important as accurate reproduction of the waveform is necessary to identify and
characterise respiratory events.

How an accelerometer works

An accelerometer is a device that measures acceleration. It typically does so by
means of tiny proof masses suspended by microfabricated springs, with one mass
for each of the axes x, y, and z. When the device accelerates, inertial forces cause
the proof masses to shift slightly, with the movement inversely proportional to the
acceleration. The movement is measured by the accelerometer and translated into
an acceleration value. For example, the movement of the mass is often detected
by measuring the change in electrical capacitance between the mass and nearby
stationary electrodes, which is then translated into the final acceleration value.
Beyond just measuring acceleration, the device also measures orientation because
gravity also causes the masses to shift slightly, as is indicated in the figure. The
masses and springs are typically manufactured by means of MEMS (Microelectro-
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mechanical System) technology, with the proof masses and springs integrated
into a die of only a few millimetres in size, see Figure 5. Almost all modern phones
contain an accelerometer to measure their orientation.

— —>
tX tX

a) horizontal b) horizontal, accelerating right c) rotated CW
ax=0,a;=+1g ax>0,az=+1g ax<0,0<az<+1g

Figure 5 Proof mass displacement in response to acceleration and rotation. (a) Horizontal and
stationary: gravity displaces the z-mass downward, leaving the x-mass centered. The measured
acceleration is +1g in the z-direction and Og in the x-direction (b) Accelerating right: an inertial
force displaces the x-mass to the left, causing an acceleration of a,, > 0 to be measured in the x-
direction. (c) Clockwise rotation: gravity displaces the x-mass in the positive x-direction, causing
a, to be < 0. The z-acceleration becomes slighty less positive (a. < +1g). The symbol 9 stands for
the acceleration of gravity (=9.8m/s°).

Cardiac measurements

The detection of heartbeats by means of chest-wall accelerometry relies on vibrations
originating from ventricular ejection. This phenomenon follows Newton’s Third Law: “To
every action there is always opposed an equal reaction: or the mutual actions of two bodies
upon each other are always equal, and directed to contrary parts!” Here: the force exerted by
the ventricles on the blood volume causes an equal and opposite force of the blood on
the ventricles, thus inducing measurable vibrations.

This effect was investigated as early as 1959 by Agress and Fields, who examined “Low
Frequency Vibrations” and concluded that “further research would be rewarding in the
diagnosis and evaluation of cardiac function” The study of whole-body cardiac vibrations
was dubbed ballistocardiography (BCG). In 1964, Baevski et al. narrowed the focus to
heart-induced chest-wall vibrations, introducing the term seismocardiography (SCG)”’.
This research continued, such as the 1991 study by Salerno and Zanetti into the relation-
ship between SCG and left ventricular functioning during ischemia and SCG*. While early
work focused on intra-beat waveforms and timings, later studies expanded to inter-
beat timings for the purpose of heart rate estimation. A key paper in this context was
by Briiser et al. on robust inter-beat interval (IBI) estimation in cardiac vibration signalszg.
They successfully demonstrated that individual IBls could be estimated from BCG signals
with high accuracy, by using maximum-likelihood estimation. However, their method did
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not yield IBI sequences that were temporally consistent, making it less suitable for robust,
continuous tracking of heartbeats. For the research described in this thesis, obtaining
consistent IBI sequences is vital for deriving accurate instantaneous heart rate (IHR)
signals. This requirement is especially challenging in the context of SCG with overnight
measurements in sleep-disordered patients.

An example of 15-second chest-wall accelerometry signal is given in Figure 6. The cardiac
component is mostly present in the z-axis (in blue), with an amplitude of approximately
0.030 g, and to a lesser extent in the x-axis (in red). The respiratory component is mostly
visible in the x-axis, with an amplitude of approximately 0.015 g. Albeit small, both com-
ponents can be measured well by a sensitive accelerometer.
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Figure 6 Example fragment of a chest-wall accelerometery signal. The peaks in the blue signal (z) are due
to heartbeats. The slower variations in the red signal (x) are due to respiration. The offsets of the signals
have been adjusted for proper plotting.

Estimation of AHI and sleep stages from cardiorespiratory
measurements

Apnea-Hypopnea Index

In estimating the AHI, the assessment of airflow is essential, as is indicated in the manual
for the scoring of sleep and associated events®. However, the manual also states that if
an airflow sensor is not available or not functioning, an alternative apnea sensor may
be used. Among these alternative sensors are those for respiratory inductance pleth-
ysmography (RIP)*. RIP sensors measure the volumetric expansion of the chest and
abdomen and are used as a surrogate for respiratory effort. This is also why a thoracic RIP
belt is an accepted means for the assessment of respiration in a type Ill sleep study (see
the box “Types of sleep studies”).

In addition to changes in respiratory effort, events are often accompanied by a distinct
cardiorespiratory response: a reduction in heartrate during the event, followed by an
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increase afterwards (the latter is sometimes dubbed postevent tachycardia)®'**. However,
there is variability in this effect, and the degree of increase (AHR) has been related to
adverse cardiovascular outcomes of OSA®. To capture this abrupt change, the instanta-
neous heartrate (IHR) is of relevance, with the IHR defined as the reciprocal of the RR
interval (in seconds), such that IHR = 60/RR interval (in beats per minute). An average
over time would smooth out changes (AHR) too much, due to the relatively short time
scales, while the IHR reflects immediate changes and is thus a measure of heart rate vari-
ability. An example of cardiorespiratory responses to successive hypopnea events is given
in Figure 7.

The need for comfortable, long-term home sleep apnea testing devices has driven
research into estimating the AHI without a dedicated airflow sensor, focusing instead
on cardiac signals (ECG) and respiratory effort (RIP) as surrogates. In 2019, Papini et al.
estimated the AHI in a sleep-disordered population by automatically processing and
selecting engineered features derived from electrocardiogram (ECG) data®. Soon after
that, lwasaki et al. investigated the estimation of the AHI based on heart rate variability
using long short-term memory neural networks*. More recently, Fonseca et al. used ECG-
derived IHR and respiratory effort (from RIP) in combination with an encoder-decoder
neural network to estimate the AHI?®. They reached an intraclass correlation coefficient
of 0.91 when comparing the estimated AHI against that derived from polysomnography,
over a cohort of 653 patients with varying OSA severities.
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Figure 7 Example of cardiorespiratory responses to hypopnea events. Top: hypopnea events as scored
from the PSG, middle: the thoracic and abdominal RIP signals, bottom: the IHR derived from ECG. After
each of the hypopnea events, the respiratory rate and amplitude increases and the IHR increases.

Sleep stages

To obtain an accurate AHI estimate, determining the total sleep time (TST) is essential. TST
is the cumulative time spent in all sleep stages but Wake (REM, N1, N2, N3). Traditionally,
calculating TST requires neurological signals, as detailed in the box“The Measurement of
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Sleep.” Consequently, research has focused on alternative measurement methods. Since
the sympathetic and parasympathetic branches of the autonomic nervous system reflect
changes in sleep stages, and cardiac and respiratory activity mirror these shifts (e.g., heart
rate and respiration become slower and more regular during N3), studies have explored
cardiorespiratory sleep staging. This technique estimates sleep stages solely from cardio-
respiratory signals.

A 2022 systematic review by Ebrahimi and Alizadeh investigated techniques for cardio-
respiratory sleep staging. They categorized methods based on the signals used—ECG,
respiratory signals, or a combination of both—and concluded that deep learning could
significantly improve performance. One notable example is Cardiorespiratory Sleep Stag-
ing (CReSS). This method demonstrated good performance by utilizing IHR derived from
ECG and respiratory effort from thoracic RIP. It achieved a Cohen's kappa coefficient of
0.64 for the classification of four classes: REM sleep, light sleep (N1+N2), deep sleep (N3),
and Wake. The N1 and N2 stages were combined because the main differences between
them—sleep spindles and K-complexes—are primarily visible in EEG signals and do not
manifest distinctly in cardiorespiratory activity.

Research goals and thesis outline

The primary goal of the research in this thesis is to evaluate the feasibility of AHI estima-
tion using chest-wall accelerometry. This comprises the detection of respiratory events
(apneas and hypopneas) as well as the measurement of total sleep time, both required
to compute the AHI. The choice of chest-wall accelerometry stems from its ease of inte-
gration into a chest-worn device, such as used in positional therapy for OSA. Feasibility
is evaluated by comparing performance against the AHI derived from a type-I or type-l|
sleep test.

A secondary goal is to assess the feasibility of sleep staging. This can be used to obtain
total sleep time, required for the calculation of the AHI. Furthermore, sleep stages
themselves can provide valuable information for diagnosis; co-occurrence of respiratory
events with sleep stages can provide information useful for OSA phenotyping and the
sleep architecture (the progression of sleep stages over time) can provide information for
the diagnosis of other conditions, such as sleep continuity and circadian issues.

The approach we follow in this thesis is to estimate respiratory effort and instantaneous
heart rate from chest-wall accelerometry and to use these as input to the methods for
sleep staging and AHI estimation. As the characteristics of the estimated cardiorespira-
tory signals may differ from those derived from ECG and respiratory impedance pleth-
ysmography, we include the tuning of the existing methods into the scope of this work.
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The first three chapters focus on the robust and accurate estimation of instantaneous
heart rate (IHR) and respiratory effort (RE) from chest-wall accelerometry in a sleep-
disordered population.

The first three chapters are outlined in Figure 8 and comprise:

Chapter 1, Respiratory Effort Estimation with Principal Component Analysis, de-
scribes an algorithm for the estimation of RE from chest-wall accelerometry that uses
an improved version of principal component analysis, in combination with a statistical
method for the estimation or the inspiratory and expiratory direction. It was developed
and evaluated on a small set of daytime measurements obtained among healthy partici-
pants.

Chapter 2, Respiratory Effort Estimation with Deep Learning, introduces an improved
algorithm, using a convolutional neural network of which the hyperparameters were
automatically optimized to reach a low estimation error. The network also estimated the
inspiratory and expiratory directions. It was trained and evaluated on a larger overnight
dataset that was obtained among a sleep-disordered population, with a wide variety of
OSA severities.

Chapter 3, Maximum a posteriori detection of heartbeats, finds a temporally consis-
tent set of beat localization times and interbeat intervals by means of maximum a poste-
riori (MAP) estimation. This approach combines two sources of information. First, we use
the likelihood function (the data evidence), which describes how probable our observed
acceleration signal is, given a specific set of beat times. Second, we introduce a prior
probability, which represents the expectation about what a reasonable set of beat times
should look like. MAP estimation then finds the specific set of beat times and intervals
that maximizes this combined probability—the one that is both highly supported by the
data (high likelihood) and matches the prior probability.
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As finding the optimal solution is computationally intractable, the problem is reformu-
lated into a Markov decision process, for which an optimal solution is approximated by
means of depth-constrained search using the Bellman equation (the foundational equa-
tion for dynamic programming and reinforcement learning).

The third and fourth chapters focus on the use of IHR and RE derived from chest-wall
accelerometery for sleep staging and AHI estimation. These are outlined in Figure 8 and
comprise:

Chapter 4, Sleep Stage Estimation using Chest-Wall Accelerometry, leverages a
previously developed method for cardiorespiratory sleeps staging from IHR derived from
ECG and RE from thoracic respiratory impedance plethysmography. The method, using
a neural network, was used as-is, without any retraining. However, the input signals
obtained from the accelerometer did not match the characteristics of the signals used
to train the neural network; in particular, the respiratory impedance plethysmography
signals included motion artifacts from large body movements, and it was necessary to in-
troduce similar motion artifacts into the RE signal derived from chest-wall accelerometry.
Therefore, motion artifacts are estimated from chest-wall accelerometery and mixed into
the RE signal.

Chapter 5, Apnea-Hypopnea Index Estimation using Chest-Wall Accelerometry,
leverages a previously developed neural network to estimate OSA severity from IHR de-
rived from ECG and RE from thoracic respiratory impedance plethysmography. The neural
network is tuned to the specific characteristics of IHR and RE derived from chest-wall
accelerometry, by means of transfer learning, where a small fraction of the parameters
is retrained on part of the study data. Subsequently, the adapted network is used to
estimate the probabilities of respiratory events, which are then compared to sleep stage-
dependent thresholds to perform event detection. Finally, the events are counted and
divided by the total sleep time to estimate an AHI.
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Figure 8 Graphical outline of the thesis. Chapters 1, 2, and 3 focus on cardiorespiratory measurements
respiratory effort (RE) and instantaneous heartrate (IHR) from chest-wall accelerometry. Chapters 4 and
5 leverage previously developed methods to estimate sleep stages and the apnea-hypopnea index (AHI)
from cardiorespiratory measurements derived from ECG (IHR) and respiratory effort (RE) from respiratory
impedance plethysmography (RIP). Clinical study data from Kempenhaeghe and OLVG are used to de-
velop the cardiorespiratory measurements (RE and IHR) and to tune the methods to estimate sleep stages
and AHiI to the specific characteristics of cardiorespiratory measurements from chest-wall accelerometry.

Clinical study data from Kempenhaeghe and OLVG

Models pretrained on IHR from ECG and RE from RIP
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1.1 Abstract

Objective - Measurement of respiratory rate and effort is useful in various applications,
such as the diagnosis of sleep apnea and early detection of patient deterioration in medi-
cal conditions, such as infections. A chest-worn accelerometer may be an easy and non-
intrusive method, provided it is accurate and robust. We investigate the use of a novel
method that can perform under realistic sleeping conditions such as variable sensor
positions and body posture.

Approach - Twenty subjects (aged 46— 65 years) wore an accelerometer on the chest and
a respiratory impedance plethysmography band as a reference. The subjects underwent
an experimental protocol lasting approximately 90 min, under various postures and with
different sensor positions. We used a novel, constrained, and recursive form of principal
component analysis (PCA) to estimate the respiratory effort signal robustly. To obtain an
estimate for the respiratory rate, first, multiple estimates were aggregated into a single
frequency. Subsequently, a quality index was determined, such that unreliable estimates
could be identified, and a trade-off could be made between coverage (percentage of
time that the quality index is above a threshold) and limits of agreement.

Main results - Results were determined over all recorded data, including changes in
sensor position and posture. For respiratory effort, it was found that recursive and con-
strained computation of PCA reduced the estimation error significantly. For respiratory
rate, a relation between coverage and limits of agreement was determined. If a minimum
coverage of 80% was required, the limits of agreement could be kept below 1.45 breaths
per minute. If the limits of agreement were constrained to 0.2 breaths per minute, a mean
coverage of 5% was still attainable.

Significance - We have shown that chest-worn accelerometery can be a robust and ac-
curate method for measurement of respiratory features under realistic conditions.
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1.2Introduction

Measurement of respiratory features, like respiratory rate and respiratory effort, is essen-
tial in various clinical fields. Respiratory rate, one of the descriptive characteristics of res-
piration, is among the most important vital signs and is an essential indicator for patient
deterioration in various medical conditions, such as infections®’. The methods commonly
used in clinical practice for measuring the respiratory rate are manual counting, capnom-
etry, and impedance pneumography®. Respiratory effort is critical in the diagnosis of
sleep-disordered breathing®. The respiratory effort signal varies during sleep and may be
used for sleep staging®. The gold standard for measuring respiratory effort is esophageal
manometry*'. However, this method is highly invasive and is therefore seldom used. A
more often used method is respiratory impedance plethysmography (RIP). RIP provides
a surrogate of respiratory effort and is the de facto standard in, for example, nocturnal
polysomnography®. Therefore, the RIP signal will be used throughout this paper as a
reference.

As the methods commonly used in clinical practice are intrusive, alternatives have been
investigated. These alternatives rely on various physiological phenomena and may require
body contact or may be contactless, such as cameras®®**, Among these alternatives is
chest-worn accelerometery, which may be quite suitable for non-intrusive measurement.
It only requires a single point of mechanical contact with the chest. There is no need for
electrical contact and, therefore, it may be worn in clothing, over clothing, or integrated
in an adhesive patch. It can be very compact and due to low power consumption, allow
for a long operating time, even when using a small battery.

The use of accelerometery for the measurement of respiratory features has been inves-
tigated in the past. In 2007 Morillo et al described how a single-axis accelerometer was
used to obtain a respiratory signal at various chest positions®. Later, Hung et al used the
sum of the two axes of a bi-axial accelerometer to yield a respiratory signal®. In 2009,
Jin et al fused the axes of a tri-axial accelerometer with principal component analysis
(PCA)*. As an alternative to PCA, Bates et al used a single-axis rotation model*
recently, Cesareo et al used a combination of an accelerometer and a gyroscope®; various
fusion techniques were investigated to obtain a one-dimensional respiratory signal and
a derived respiratory rate. Agreement analysis showed that PCA was the best-performing
fusion method.

. More

Although literature suggests that a respiratory signal can be obtained using an ac-
celerometer, the motion of such a device is not only caused by respiration, but also by
other sources, like limb movements and posture changes. Such movements may fully
mask the respiratory component, or distort it, such that measurement becomes impos-
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sible or erroneous respectively. The impact of such movements has been addressed, for
example, by detecting movement* or using peak-regularity metrics*. However, certain
application scenarios would likely benefit from an indication of quality of the measure-
ments produced, rather than (or in addition to) an attempt to limit the impact that these
movements are likely to have.

In this paper, we propose a novel constrained and recursive form of PCA to estimate the
respiratory effort (RIP) signal robustly. By constraining PCA both spatially (the horizontal
plane, the direction along the principal axis) and temporally (consistency of principal
axis), we demonstrate increased robustness over prior art. To obtain a robust estimate of
the respiratory rate, a post-processing step, in which multiple estimates are aggregated
into a single frequency, is introduced. Finally, by introducing a quality index, and by us-
ing a threshold to reject estimates with low quality, it is shown how a trade-off can be
obtained between coverage (percentage of time that the quality index is above the
threshold) and limits of agreement in the estimation of respiratory rate.

1.3 Methods

1.3.1 Background

The respiratory cycle manifests itself by the motion of the ribs and sternum into the
ventral and cranial directions*®, which cause an attached accelerometer to move accord-
ingly. Figure 1 shows an example of respiratory motion, by identification of the position
of a chest-worn accelerometer at the start (yellow) and the end of inspiration (red). The
displacement in both ventral and cranial direction is approximately 10 mm in this case.
Although the displacement is clearly visible, it is very difficult to measure by an acceler-
ometer, as the acceleration is very small, in the order of 1 mg (milli-g, with the g the ac-
celeration of gravity, approximately 9.8 ms™). In comparison, changes in the orientation
of the accelerometer (due to the respiratory cycle) are much better measurable.

An accelerometer measures orientation by the projection of gravity on its axes, as shown
in Figure 2. The projection of gravity on the (vertical) z-axis changes by the derivative
of the cosine, which is close to zero for small angles. The projection of gravity on the
(horizontal) y-axis in changes by the derivative of the sine, which is close to one for small
angles. Hence, orientation changes have the most effect on horizontal axes.
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In general, the z-axis of the accelerometer will not be vertical, nor will the y-axis be hori-
zontal. For this reason, the coordinate system is first transformed into one where two axes
are always horizontal, and one is always vertical. For the first horizontal axis, we choose
the craniocaudal axis of the human body (the axis from the feet to the head), and the
second horizontal axis automatically follows from this, while the vertical axis follows from
gravity. In this way, we obtain a right-handed orthogonal coordinate system that is inde-
pendent of how the accelerometer is oriented in relation to the body.

The respiratory pattern illustrated in Figure 3 (a) shows the two-dimensional projection
of the respiratory pattern into the horizontal plane as formed by the craniocaudal and
horizontal axis. Figure 3 (b) illustrates the three components of the respiratory pattern
for each of the axes (craniocaudal, horizontal, vertical) showing that the respiratory pat-
tern manifests itself mainly in the horizontal plane. An additional, albeit more intuitive
observation is that the respiratory pattern is often very repetitive, and the shape and
orientation of the pattern only change slowly over time (except for disruptive events like
posture changes). These two aspects will be exploited by introducing spatial and tempo-
ral constraining when processing the accelerometer signal.

1.3.2 Data collection

The data used in this study were collected from 20 healthy volunteers aged 46-65 years,
with a BMI in the range 20-30 kg m™, without any previous diagnosis of cardiac or
respiratory disorders. The size of 20 was chosen as previous studies used samples sizes
between 8 and 20°**°"* The study was reviewed and approved by the Philips Research
Ethical board.

The subjects were equipped with a thoracic RIP band (Alice 6 PSG, Philips Respironics), on
which an accelerometer device was placed (ADXL355, Analog Devices), as illustrated in
Figure 1. The RIP band was placed successively at positions at the bottom of the sternum
(xiphoid process) and the third rib. These positions were chosen as they were practical
and likely to capture rib cage motion due to breathing. For both positions, the acceler-
ometer was placed on the line mid-vertical between the sternum and the left nipple. The
subjects were asked to breathe normally and to lay down in supine, left-lateral, and right-
lateral postures. All changes of posture and sensor position were manually annotated by
taking timestamps. Synchronization was performed by adapting the timestamps of the
accelerometer signal such that they matched the annotations and the RIP band signal.
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Figure 1 (a) Left-lateral view of a chest-worn accelerometer at the start of inspiration (yellow) and the
end of inspiration (red). (b) Corresponding anterior view. The dimensions of the accelerometer device
(white box) are 62x48x11 mm.

g cos(a)

Figure 2 The change of the projection of gravity (g) on the vertical axis (z-axis) and a horizontal axis (y-
axis) of an accelerometer due to a clockwise rotation by an angle 2a. Before the rotation (a), with positive
y-component, halfway the rotation (b), with zero y-component, and after the rotation (c), with negative
y-component. The z-component changes by the derivative of cos (a), which is close to zero for small a,
while the y-component changes by the derivative of sin(a), which is close to one for small a.
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Figure 3 (a) Projection of a respiratory pattern into the horizontal plane. The red axis is the craniocaudal
axis, of which the positive side points into the cranial direction, the green axis is the horizontal axis, of
which the positive side points to the right side of the body. A respiratory cycle starts with inspiration from
the top left to the bottom right, followed by expiration in the opposite direction. (b) The three compo-
nents of the same respiratory pattern.
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1.3.3 Data processing

Data from the 3D accelerometer is processed to estimate a respiratory effort, from which
a respiratory rate is derived. The objective is to achieve a respiratory effort estimation as
close as possible to the RIP band signal. The impact of confounding factors on the mo-
tion of the accelerometer, such as limb movements or posture changes, is minimized by
constraining the respiratory effort signal and by determining a signal quality index, and
by using it to exclude intervals for which accuracy is expected to be poor.

Overall signal processing chain

Figure 4 shows an overview of the complete signal processing chain. Notably, and un-
like previous work®?**!, we predominantly leverage recursive processing to both reduce
computational load and enhance the stability of the algorithm by adding temporal mo-
mentum to the states. We first pre-process the three-dimensional accelerometer signal
and then project it on the horizontal plane. We then leverage a recursive form of PCA to
obtain a (one-dimensional) respiratory estimate, which is further used to estimate the In-
spiratory and Expiratory directions (IE directions). The IE direction estimation feeds back
the detected direction to the PCA, where it is used in the recursive estimation. Finally,
the (one-dimensional) estimate is used to obtain the respiratory rate. A movement signal
indicates the presence of acceleration levels beyond those from respiration (for example
due to posture changes) and it is used to adapt processing during and after such events.

> 7[n]

3D ~> Fosssessssssscccccces { »
an ] . : .
acceler- ] v[n] <& sien 4 Respiratory
ation . effort
»| Pre-processin, > Horizontal > Cgrrrznggzlnt ) IE direction Respiration )
P g 3 projection 2 pon: estimation rate estimation
3 Analysis 1 1 )

Respiratory

7N 0
{ movement m[n] : rate
:

Figure 4 Overview of the processing steps. The numbers show the dimensionality of the signals. The
dashed line marked sign’ is a feedback signal, which causes the principal component analysis to adapt
to the estimation of inspiratory and expiratory directions. The dashed line marked ‘movement’ causes
later processing steps to adapt to the presence of movement. A dashed line inside a processing step de-
notes that it uses recursive computation.

The 3D acceleration signal is acquired with a sampling rate of 250 Hz. It is low-pass fil-
tered by means of a Butterworth filter (order = 3, cut-off frequency fo = 3.5 Hz, see Table
1), and subsequently decimated to 16 Hz to reduce the processing load of the remaining
steps. We denote this pre-processed acceleration signal as gan, for sample index n. The
parameters of the Butterworth filter, as well as most of the other parameters in the signal
processing chain were determined by means of an optimization procedure, which is
described in the section Parameter optimization. Note that, next to the low-pass filter in
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this block, a second low-pass filter, with a lower cut-off frequency, is used further down-
stream, after the motion signal has been determined.

As described in the background section, the respiratory pattern of interest predominantly
takes place in the horizontal plane, allowing us to project the full 3D pattern onto that 2D
plane. The horizontal plane is derived from the gravity vector, to which it is perpendicular.
The gravity vector is estimated recursively by means of exponential smoothing:

gln] = andln — 1]+ (1 — an) gln — 1], (1)

in which an — 1] is the previous gravity estimate, ETn] is the updated gravity estimate,
and the parameter a, (0 < oy, < 1) determines how quickly the estimated gravity adapts
to the incoming acceleration. A large value of o, causes a quick adaptation but allows
artifacts to pass through, while a small value of oy, causes the opposite.

In case of movement (like for example, during a posture change), the respiratory com-
ponent in g[n} is fully obscured by the much larger movement component. In this case,
the method is not able to extract the respiratory component anymore, and respiratory
estimation is halted until the movement stops. For this reason, the downstream process-
ing steps use a movement indicator m[n|, to stop estimation during movement, and to
temporarily speed up adaptation after movement. The adaptation after movement is
achieved by using different parameter values (see Table 1). Movement is detected if the
new acceleration value differs from the gravity estimate by more than a threshold t,,:

m(n] = [[dln] = 4n]| > ¢ @
After having detected gravity, by means of (1), horizontal projection can be performed.
Although the gravity vector determines the horizontal plane, it does not yet determine
the (horizontal) axes that will be used to represent the (two-dimensional) respiratory
pattern. To keep computational complexity low, arbitrary horizontal axes are used and
not the craniocaudal axis and its perpendicular horizontal axis, as was done in the back-
ground section. Note that the choice of the craniocaudal axis was meaningful for analysis
purposes, but for performance, the choice is irrelevant as PCA is applied, which is insensi-
tive to the choice for the two axes. The horizontal projection comprises two successive
rotations, a first, R1, around the x-axis of the accelerometer and a second, Rz, around the

y-axis of the accelerometer. The rotated acceleration vector then becomes (the sample
index 1 has been left out for brevity):

%
b = RyRy a, (3)



Respiratory effort estimation with principal component analysis | 43

with:

oS O
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%
The horizontal projection is performed by taking the first two elements of b , as these are
the coordinates in the horizontal plane:

- h1 by
h = = .
{M] LJ )

After horizontal projection, the two-dimensional signal h is normalized and filtered.
Normalization comprises division by the norm p:

UM - TZH foln] (6)

p|n) =

Me initial value of p is det_e)rmined by taking the mean norm of ten initial samples from
h . After normalization, u * is filtered with a Butterworth low-pass filter of order n; = 3
and cut-off frequency f1= 0.8 Hz, see Table 1. The output of the filter, denoted v_> is input
into the Principal Component Analysis.

?[n] = Butterworth( .n— 3|, ‘)[n —1. }) (8)

Principal Component Analysis

The horizontal projection already reduces the number of dimensions to two. In this step,
we reduce the number of dimensions to one, by means of PCA. As with all steps so far, this
is done recursively, such that computational complexity is kept low and rapid deviations,
which are generally due to artifacts, are penalized. The recursive method implements
Hebbian Learning **, which models the learning of neurons; neural paths that cause high
output activations are reinforced through the feedback of the activation. As, in this case
only the first principal component is used, Oja’s rule can be utilised instead of the gener-
alized Hebbian rule.

with:

ialll+ 1= e o 1] 7)

In Oja’s rule, in each iteration a new input sample 7{11} (8) is projected onto a projection
axis ﬁ[n] such that the respiratory estimate f’[ ] can be calculated (7 [n} is an estimate
for r[n], being the respiratory reference waveform):

o] =[]+ 0]

win + 1 #nfoln] + (1 —n#n]*) win). (10)

with:
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Equation (9) is the projection of ?[n] on ﬁ[n], while (10) is the recursive update of wln +1

, which changes the projection axis w|n + 1} in the direction of ?[n] with learning rate
1 (see Table 1). The initial value of w|n| is chosen arbitrarily: ﬁ[l] =11 0]*. Notably, the
factor n#[n]” causes the norm of the projection axis, E’M , to converge to one. This can
be understood by analysing the steady-state behaviour (where E’[n + 1] = ﬁ[n] ), for
which the equality nf‘7[n] = n#? E}[n] must hold. This equality holds ifﬁ[n} and 7[n] align,

#fi] = [[¢] | and [ = 1.

Estimation of the inspiratory and expiratory directions

In the respiratory estimate, inspirations should correspond to positive signal transitions,
while expirations should correspond to negative signal transitions. There are multiple
benefits for such a convention; in sleep-disordered breathing, snoring occurs during
inspiration, and upper airway obstructions cause inspirations to take longer. Also, con-
sistency is desired; if the sign would change on the fly, then extra transitions would be
introduced, which do not correspond to inspirations or expirations and, therefore, would
cause the respiratory rate to be over-estimated.

A feature that correlates with the proper choice of the direction is the skewness of the
distribution of 7. For 7 in Figure 5(a), positive signal transitions correspond to inspira-
tions, while negative signal transitions correspond to expirations. The distribution of the
signal values, shown in Figure 5 (b), is peaked at the left side, which corresponds to the
inspiratory pause. The skewness of the distribution is 0.7, which is larger than zero and,
therefore, the distribution is right-skewed.

o
©

Relative frequency
°
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Figure 5 a) Respiratory reference (r) and respiratory estimate (7), with inspirations corresponding to posi-
tive transitions and expirations corresponding to negative transitions. b) Distribution of the respiratory
estimate (7). The skewness is 0.7, meaning the distribution is right-skewed.
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The skewness s is defined as:

g Tl (1)
g 7

with o the standard deviation, p the mean, and N the number of samples. Although the
skewness is generally positive for a respiratory estimate with the correct sign, this may
not be true for short analysis periods. To be robust against this, and to get consistency
over time, exponential smoothing is performed; the skewness is not computed as in
the definition, but in a recursive manner, just as all other computations so far, and rapid
changes get penalized. As the respiratory estimate 7 has zero-mean (u = 0) and a stan-

dard deviation close to one (o ~ 1), the following formula approximates the skewness:

s[n} = ay f[n]3+(1— as)s[n—ll (12)

If the skewness is above a threshold (s[n} > ts), then the data processing continues un-
changed. However, if the skewness falls below a threshold (s[n] < ts), then the respira-
tory estimate has the wrong sign, and inspirations correspond to negative transitions. In
that case we invert the skewness (s[n] = —s[n]) and the projection axis (ﬁ[n} = —E)[n}

). The sign change ofﬁ[n corresponds to the feedback arrow in Figure 4.

Respiratory rate estimation

The respiratory rate is derived by means of frequency analysis, as this provides robustness
against amplitude artifacts. Because variations in the respiratory rate should be tracked,
the Short-time Fourier Transform (STFT) is used. In the STFT, the signal is divided into
windows of equal length (30 s) and frequency analysis is performed on each window. The
windows are 5 s apart and therefore overlap by 25 s. Tracking of peaks in the spectrum
over time provides a respiratory rate signal (with a sampling period of 5 s). The rate sig-
nal is fed into a statistical post-processing unit to obtain a final estimate, by combining
twelve estimates, such that one estimate per minute is obtained.

Prior to application of the STFT, the respiratory effort signal is down sampled to 4 Hz,
which suffices for the purpose of respiratory rate analysis. After down sampling, the signal
is segmented into windows and for each window, the signal is multiplied by a Hanning
function, such that artifacts due to segmentation are minimized. For each window, the
120 samples (30 s @ 4 Hz) are zero-padded to obtain 256 samples, after which an N-point
Fourier transform is applied (N = 256). The zero padding is performed to increase the
accuracy of the peak height estimate; more points reduce the bin-width and therefore
peaks are less averaged-out. The bin width is:

Af = zf_s]vﬁo = % = 0.5 min” (13)
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For each window m, the spectrum is normalized, and, for the highest spectral peak, its
frequency and height (f.,, hn) are recorded. The peak height serves as a quality metric:
the higher the value, the higher the quality. During statistical post-processing, the peaks
of 12 successive windows (corresponding to one minute) are combined into one single
estimate for the respiratory rate. Only peaks that are higher than a threshold (h,, > t,) are
selected. Over these peaks (fm), a weighted mean is computed, using the peak heights
h, as weights:

Z(m for which hm >t ) hmfm
fB= .

(14)

Z (m for which hm>tp) hm
If no peaks exist for which h,, > t, for a window, no respiratory rate is determined, and
it is considered not to be available. The Coverage is computed as the number of intervals
for which a respiratory rate is available, divided by the total number of intervals analysed.

1.3.4 Performance metrics

Respiratory effort

The Mean Squared Error (MSE) is used to assess how well 7 [n] resembles r[n]. The MSE
is calculated over 60-second windows which are time-shifted by 15 seconds. The MSE is
only calculated for windows that are free of movement, meaning that m[n] = 0 for all
samples in the window (see (2) for m[n]). Prior to calculation of the MSE, 7[n] and 7[n] are
normalized on a window-by-window basis, by dividing through by their standard devia-
tions and are time-aligned such that a minimum MSE is obtained.

Respiratory rate

Respiratory rate evaluation is performed over the same 60-second windows as used for
the evaluation of respiratory effort. The rates are computed for both the estimate and
the reference, using the respiratory rate estimation algorithm presented before. As a re-
spiratory rate may not be available due to insufficient quality, agreement analysis is only
performed for windows for which both a reference and an estimate are available. In addi-
tion, coverages are computed; for the reference, the Coverage is the fraction of windows
for which a reference rate is available; for the estimate, the Coverage is the number of
windows for which both a reference and an estimated rate are available, divided by the
number of windows for which a reference rate is available.

1.3.5 Parameter optimization

All parameters used in the algorithms were automatically determined using an optimiza-
tion procedure. This comprised Bayesian optimization using as objective function the 90™
percentile of the distribution of the MSE over the time windows. The resulting param-
eter values are indicated in Table 1. If a parameter has a different value during and after
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movement, then it is always a factor 10 higher than under non-movement conditions.
This factor was not part of the optimization process, and it is introduced to speed up the
adaptation to new conditions. Half of the dataset was used for optimization, while results
were calculated over the full dataset.

Table 1 Parameter values determined by means of the optimization process.

Parameter Equation / sec- Normal Value during  Description
tion value and after
movement
no, fo Pre-processing 3,35Hz same Order and cut-off frequency of But-
terworth low-pass filter
a (1) 0.03 0.3 Smoothing constant for gravity estima-
tion
tm 2) 0.06¢g same Movement threshold
ny, f; Horizontal projec- 3, 0.8 Hz same Order and cut-off frequency of But-
tion terworth low-pass filter
a, (7) 0.01 0.1 Smoothing constant for normalization
n 9) 0.8e-3 8e-3 Learning rate for recursive PCA
a ()] 70e-6 0.7e-3 Smoothing constant for skewness
t, Estimation of 5e-3 same Threshold for skewness to change the
IE dir. direction of projection
t, (13) 0.8 same Threshold for the height of the spectral
peak
1.4Results

1.4.1 Respiratory effort

For the (60-second) windows without movement, an MSE value was calculated:
MSE = ﬁzg‘;f; (7[n] —r[n])Z, with #[n] the estimated samples in the window. At-
tributes of each window are subject and posture. For each of the subjects, means over
these MSE values were calculated, over each posture separately and over all postures,
see Table 2. In addition, coverages were calculated, being the ratio between the number
of movement-free windows and the total number of windows. Furthermore, means and
standard deviations over the subjects means for each of the postures were calculated,
while skipping subjects with less than ten movement-free windows for that posture. It
was found that the mean error was lowest in the right posture (0.14), while it was higher
for the left (0.26) and supine postures (0.33), see Table 2. The variation over the subjects
was computed by means of the standard deviations (SD). The lowest variation was
found for the right posture (0.11), with higher values for the left (0.17) and supine pos-
tures (0.21). Similarly, means and standard deviations were calculated over the subject
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coverages. Figure 6 shows the distribution of the MSE-values over the subjects, over all
postures (of which the first row in Table 2 is the mean value).

1.4.2 Comparison with block-wise, unconstrained PCA

To quantify the added value of recursive, constrained PCA, the data were also processed
utilizing block-wise (non-recursive), unconstrained PCA. For each window, the three-
dimensional accelerometer signal o was de-trended (by subtracting a least-squares
linear fit for each axis), and low pass filtered (using a Butterworth low-pass filter of order
n1 and cut-off frequency f1). Finally, the covariance matrix was calculated, and the pro-
jection axis w  was determined by taking the eigenvector with the largest eigenvalue.
The de-trended and filtered acceleration signal was projected upon w_> such that the
(one-dimensional) respiratory estimate # was obtained. The comparison against the refer-
ence r was done in the same way as in the previous paragraph, such that results could be
compared, see Table 3.

Table 3 Comparison of the mean MSE of respiratory effort over the subjects.

Recursive, constrained PCA Block-wise, unconstrained PCA
Metric Posture Mean (SD) Mean (SD)
All 0.32(0.16) 0.53(0.16)
g Supine 033 (0.21) 0.52 (0.20)
H Left 0.26 (0.17) 0.41(0.17)
= Right 0.14(0.11) 031(0.14)

1.4.3 Respiratory rate

For each of the covered windows, a respiratory rate difference was calculated. Attributes
of each window were subject and posture. For each of the subjects, agreement ranges
were calculated, over each posture separately and over all postures, see Table 4. As the
differences were not normally distributed (D’Agostino-Pearson test for normality, p=0.00),
the 2.5™ and 97.5" percentiles of the distribution of the differences were used for the
agreement range. Also, coverages were calculated, being the ratio between the number
windows for which a respiratory rate difference was available, and the total number of
windows. Finally, means and standard deviations over the agreement ranges were cal-
culated, while skipping subjects with less than ten covered windows. Similarly, means
and standard deviations were calculated over the subject coverages. The coverages are
combined coverages, meaning that respiratory rates must be available for both the refer-
ence and the estimate.

A graphical overview of the distribution of the respiratory rate difference over the
subjects (over all postures) is shown in Figure 7. The mean bias is 0.007 min. For the
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postures, the mean agreement ranges for supine are significantly lower than those for left
(Mann-Whitney U-test, p=0.001) and for right (Mann-Whitney U-test, p=0.006). A Bland-
Altman plot is given in Figure 8 for the rate differences over all subjects and postures.

For some subjects, under certain postures, the number of covered windows is 0 (for
example for subject s04 in supine posture). This is due to the selection of the operating
point; the agreement analysis was performed at the default operating point (t, = 0.8, see
Figure 9), which results in one combination of an agreement interval and Coverage.

The same analysis may be performed for alternative operating points (other values of t,),
which results in different combinations of coverages and agreement ranges. One expects
that a higher value of t,leads to a lower coverage and a shorter agreement range, which
is indeed the case, as can be found in Figure 9.

Distribution of MSE, for each subject

2.00

1.75

1.50

1.25

9 1.00

b1

0.75

0.50

- % & & & %

0.00 =
- o~ m < n © ~ 0 (=) o — o~ m < n © ~ ] o o
o o o o o o o o o — — — - — - — - — — o
2 2 2 % 2 2% 2 2 @ I B B S 7 B~ B~ S

Subject

Figure 6 Box-and-whisker plot of the MSE of the respiratory effort, for each of the subjects, over all pos-
tures.

Distribution of respiratory rate differences, for each subject
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Figure 7 Distribution of the respiratory rate differences, for each subject, over all postures. Next to the
box-and-whiskers, the dashed lines with x-markers show the agreement range (from the 2.5% percen-
tile to the 97.5% percentile).
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0 Respiratory rate agreement (coverage=73% of 60%)

Difference [min—!]
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Figure 8 Bland-Altman plot for the respiratory rate. The grey dashed lines show, from bottom to top, the

2.5™ percentile, the mean, and the 97.5™ percentile of the distribution of differences. The bottom and top
dashed lines form the agreement interval. The combined coverage is 73% x 60% = 44%.
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Figure 9 Mean agreement interval against mean Coverage, for various operating points (values of t,).
The values of t, increase from right to left (higher values of t, lead to smaller agreement intervals and
lower coverages). A smaller agreement interval means better agreement. The default operating point is
marked by the red circle (t, = 0.8).
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1.4.4 Computational complexity

As the data processing needs to run in an embedded processor of which the power
consumption should be kept low, the computational complexity should be kept low as
well. This holds for all the blocks in Figure 4, of which the four leftmost blocks implement
recursive computations, while the rightmost block implements a block-based computa-
tion.

Each of the recursive processing blocks requires one computational step per sample and
is therefore O(n), with n the number of samples, and 0() the notation for computational
complexity (big-O notation). The complexity O(n) also holds for the recursive PCA. If, in-
stead of a recursive PCA, non-recursive and non-constrained PCA would be applied, then
the complexity would be O(d?nr), with d the number of dimensions (d = 3), and r the ratio
of the window length and window shift (r = 30/5 = 6). Therefore, the complexity gain due
to the recursive implementation becomes 4% = 54.

The rightmost block in Figure 4 (Respiratory rate estimation) is not recursive, but block
based. The computational complexity is that of an N-point FFT (N = 256), which is equal
to O(Nlog N). As the FFT needs to be computed once every five seconds, this can easily be
implemented on a small processor.

1.5Discussion

In this paper, we propose a novel method for estimating respiratory features from a
chest-worn accelerometer. We have evaluated the method on data recorded on twenty
middle-aged volunteers, undergoing posture changes and sensor relocations, without
manual selection of recording fragments. For estimating the respiratory effort, we have
shown that that constraining and recursively computing PCA significantly improves the
estimate. For the respiratory rate, we have shown that aggregating multiple estimates
into a one, in combination with quality-based thresholding, allows for a trade-off be-
tween coverage and limits of agreement and yields accurate estimates.

1.5.1 Respiratory effort

Accuracy means that the estimate, if available, is close to the reference, and robustness
means that accuracy is never compromised. In this work, several measures have been
taken to achieve this. The PCA constraints in both space and time help suppress signal
components that are not due to respiration, such as movement caused by posture
changes and sensor relocations The effect of this becomes apparent from the comparison
with unconstrained PCA; the mean MSE increases from 0.32 (0.16) to 0.52 (0.16) when not
constraining (Table 3). However, the constraining does not prevent variations in MSE over
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subjects and postures. To illustrate this difference, we further investigate subject s06, for
which the mean MSE for the right posture is 0.02, while it is 0.52 for the supine posture.
For both right and supine, we randomly selected three windows from the set of windows
that have their mean MSE in the 45" to 55" percentile. Figure 10 shows these windows;
each graph corresponds to one 60-second window and shows the raw acceleration
waveforms a,, a, and a,, the reference r, and the estimate #. When looking at a waveform,
respiratory and noise components can be identified. For example, in the bottom left
graph, frequency analysis reveals a respiratory component at 0.23 Hz (13.8 min™) and a
noise component at 1.3 Hz (78 min™). Visual inspection of the raw acceleration waveforms
shows that the ratio between the respiratory and noise components is much higher in the
top row (right posture) than in the bottom row (supine posture). The probable cause of
the noise is the beating of the heart, of which a relation to posture is known *. In the right
posture, gravity pulls the heart away from the chest wall, which causes less interference.

The acceptability of these MSE values depends on the application. There are various ap-
plications, such as the detection of respiratory events. Here, we elaborate further on the
assessment of respiratory rate, as this is relevant for the assessment of patient deteriora-
tion.

1.5.2 Respiratory rate

To improve the estimates of respiratory rate, a statistical post-processing step was intro-
duced, which relies on the signal quality index, allowing for both weighed averaging in
determining estimates over one-minute periods, and for the exclusion of intervals with
low signal quality. The mean agreement interval in the estimation of respiratory rate
was 0.8 min”', while the mean coverage was 44%. This performance holds for the default
operating point (see Figure 9). Depending on the application needs, also other operat-
ing points may be chosen. For example, for a mean coverage > 80%, a mean agreement
interval of 1.5 min-1 is possible, while for a mean agreement interval < 0.2 min”, a mean
coverage of 5% is achievable.

Earlier studies have described how to compute the respiratory rate using an accelerome-
ter attached to the suprasternal notch, the waist, or the chest. It is difficult to compare the
results of this study with those, as there are many differences, in, for example, protocols,
postures, body positions, which parts of the protocol were considered when comput-
ing performance, and the quality of reference. Table 5 summarizes the performance of
several of these studies. In comparison with literature, the performance obtained with
our algorithm seems higher, even for the operating point with the poorest agreement
interval (and highest Coverage). Other studies only looked at short intervals of controlled
breathing under controlled conditions, see Table 6. By choosing a proper operating point
for our method, the same or even better levels of agreement can be reached.



Respiratory effort estimation with principal component analysis | 55

The results of this study suggest that it is possible to achieve an accurate and robust
estimation of respiratory effort and respiratory rate only using an accelerometer, without
requiring a gyroscope, as used in some studies *°. In addition, the algorithm has a low
computational complexity of only O(n), as opposed to O(d*nr) for non-recursive, uncon-
strained PCA (d*r = 54, see the section on computational complexity).

Some limitations can be mentioned for this study. First, the use of only a RIP band as a
reference is not ideal; it is subject to movement just as the chest-worn accelerometer. As
no data were discarded, the quality of the reference signal had to be taken into account
in the data processing. Another limitation is that the method for deriving the respiratory
rate from the accelerometer signal is the same as that for the RIP band signal. Further-
more, a high-accuracy accelerometer was used and the effect of reducing the accelerom-
eter performance was not investigated. Finally, we chose for voluntary breathing, as this
would allow us to test the performance on natural variations in the breathing pattern and
rate, but we do recognize this does not necessarily cover all cases one could cover using
controlled breathing.

We have shown that a chest-worn accelerometer can accurately and robustly measure
respiratory effort and respiratory rate under realistic conditions. To further develop the
method towards practical application, several steps need to be taken. The relation be-
tween posture and the interference of the beating heart is worth investigating further,
even if only to improve the quality of the respiratory estimate. In addition, a larger cohort
size, with more diversity in age, breathing patterns and movements will add value. Fur-
thermore, improved signal processing techniques, like non-linear filtering and alternative
rate estimation methods, such as the Discrete Wavelet Transform, may improve perfor-
mance. To conclude, future work will focus on evaluating the robustness, validity, and
diagnostic utility in clinical populations, for example, in patients with sleep-disordered
breathing conditions such as obstructive sleep apnea.
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Table 5 Comparison of the respiratory rate with other methods that cover ambulatory use-cases.

Dimensionality

Rate estimation

Agreement

reduction method method interval [min'] Comment Reference
The agreement interval is at
) Fr.equenc.y fiomaln the default. operating point. The method
Constrained PCA with statistical post- 0.8 Therangeis from 0.2 to 1.6 in this paper
processing min™', over all operating bap
points
The accelerometer and
gyroscope signals are fused.
Th i li
PCA Frequency domain 5.3 e agreement |nt.err\1/a B
calculated at 10 min™ as limits
of agreement are heterosce-
dastic
Non-PCA Time-domain 8.2 Results for guided breathing >’
PCA Frequency domain  16.9 Based onone SD=4.3 min" *'
Non-PCA Frequency domain 5.0 At the suprasternal notch 58
Non-PCA Time-domain 5.5 At the suprasternal notch *

For each method, the dimensionality reduction method refers to how a one-dimensional signal is de-
rived, while the rate estimation method refers to how the respiratory rate is derived from this one-dimen-
sional signal. The agreement interval is the difference between the upper and lower limits of agreement.

Table 6 Comparison for the respiratory rate with other methods that cover short intervals of guided

breathing.

Dimensionality Rate estimation Agreement

reduction method method interval Comment Reference
Three ways of breathing,

Non-PCA Time-domain 1.4 min™ three postures, 60 s each (81 *°
measurement points)

Non-PCA Time-domain 0.2% Seven Patterns of instructed
breathing
Two intervals of voluntary

Non-PCA Time-domain 2.1 min” breathing for 60s, with 155 *

breath-hold in between

For each method, the dimensionality reduction method refers to how a one-dimensional signal is de-
rived, while the rate estimation method refers to how the respiratory rate is derived from this one-dimen-
sional signal. The agreement interval is the difference between the upper and lower limits of agreement.






Respiratory Effort Estimation with
Deep Learning

This chapter corresponds to the manuscript:

F. Schipper, R. JG van Sloun, A. Grassi, S. Overeem, and P. Fonseca, “A
deep-learning approach to assess respiratory effort with a chest-worn
accelerometer during sleep,” Biomedical Signal Processing and Control,
vol. 83, p. 104726, May 2023, doi: 10.1016/j.bspc.2023.104726.

Some minor editorial updates have been made.

CHAPTER 2



60 | Chapter2

2.1 Abstract

Objective - To develop a new deep learning method for the estimation of respiratory ef-
fort from a chest-worn accelerometer during sleep. We evaluate performance, compare it
against a state-of-the art method, and assess whether it can differentiate between sleep
stages.

Methods - In 146 participants undergoing overnight polysomnography data were col-
lected from an accelerometer worn on the chest. The study data were partitioned into
train, validation, and holdout (test) sets. We used the train and validation sets to generate
and train a convolutional neural network and perform model selection respectively, while
we used the holdout set (72 participants) to evaluate performance.

Results - A convolutional neural network with 9 layers and 207,855 parameters was auto-
matically generated and trained. The neural network significantly outperformed the best
performing conventional method, based on Principal Component Analysis; it reduced
the Mean Squared Error from 0.26 to 0.11 and it also performed better in the detection
of breaths (Sensitivity 98.4%, PPV 98.2%). In addition, the neural network exposed signifi-
cant differences in characteristics of respiratory effort between sleep stages (p < 0.001).

Conclusion - The deep learning method predicts respiratory effort with low error and is
sensitive and precise in the detection of breaths. In addition, it reproduces differences be-
tween sleep stages, which may enable automatic sleep staging, using just a chest-worn
accelerometer.
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2.2Introduction

Respiratory effort refers to the force applied by the respiratory muscles during breathing
and is a key mediator in the regulation of ventilation®®. The measurement of respiratory
effort is a central part of the diagnosis of sleep-disordered breathing, such as Obstructive
Sleep Apnea (OSA). Therefore, the measurement of respiratory effort is a standard ele-
ment in overnight diagnostic polysomnography™. Furthermore, respiratory effort may be
used to determine respiratory rate’*®®'. Interestingly, analysis of respiratory effort may
also be used for the determination of sleep stages themselves**®*®3, The gold standard
for the measurement of respiratory effort is esophageal manometry®. Esophageal pres-
sure is a measure of pleural pressure, which in turn is a measure of the force applied by
the respiratory muscles. Given its intrusiveness, esophageal manometry is impractical
for overnight polysomnography, which is why Respiratory Impedance Plethysmography
(RIP) is used as the standard method®. RIP measures the volumetric expansion of the
chest and abdomen, and is a surrogate measurement, meaning that it does not directly
measure respiratory effort, but a derived effect. A typical RIP measurement uses two
belts, one on the chest and one on the abdomen. While this is the standard for overnight
polysomnography, home sleep testing typically often relies on the use of a single belt,
usually worn around the thorax. However, RIP bands are not suitable for all applications,
for example due to their high power consumption (23 mW)®, or because the wearing of
a band around the thorax is considered uncomfortable. Therefore, alternative methods
have been or are being developed, which may be divided into contactless and contact-
based methods. Contactless measurement of chest wall movements may be done by a
camera, radar, or even WiFi**®, Contact-based measurement of chest wall movements
may utilize strain sensors, impedance sensors, or movement sensors, of which the ac-
celerometer is one *. An accelerometer has a low power consumption (typically < 1 mW)
and it only requires a single point of mechanical contact with the thorax, such that it may
be worn in clothing or be part of a patch.

The use of an accelerometer for the measurement of chest-wall movements has long
been studied*®. Most of the studies focus on the measurement of respiratory rate****°',
as this is an important parameter in the health deterioration of patients. As respiratory
rate is determined by peak counting or by frequency analysis, the shape of the respiratory
waveform is less relevant. However, this is not the case for the purpose of sleep staging or
apnea detection, where the shape of the respiratory waveform is important®*®>, Towards
this end, several studies focused on estimating the shape of the respiratory waveform; in
one study, the time derivative of the orientation of the chest wall was used to estimate
airflow®, while in another study the angle of the chest-wall orientation is compared
against RIP**. However, these studies only comprise a few exemplary cases (a 6.9-hour
capture of one overnight patient in the first study, and two subjects immobilizing for 90 s
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in two postures in the second study). A related study, among 15 participants undergoing
overnight polysomnography, looked at the use of an accelerometer at the suprasternal
notch instead of the chest*. To the best of our knowledge, no study beyond these few ex-
emplary cases investigated the estimation of the respiratory waveform from a chest-worn
accelerometer, neither in a general population nor in a population with sleep-disordered
breathing (SDB).

All studies into the use of a chest-worn accelerometer for respiratory purposes contain a
step in which the raw accelerometer signal is converted into a one-dimensional respira-
tory waveform. Usually, this comprises some form of pre-processing, like filtering and
resampling, and, as most accelerometers measure acceleration in multiple dimensions,
a form of dimensionality reduction. Various methods for dimensionality reduction have
been used; one method uses the signal of a single axis*, one uses a fixed linear combi-
nation of axes*, one uses a rotational model*, while another uses Principal Component
Analysis (PCA)*. A comparison of methods showed that PCA performed best. Recently,
we showed that constrained and recursive PCA, in combination with the estimation of
the inspiratory direction, outperformed conventional PCA®'. However, this study was only
performed during daytime, among a relatively small population of healthy participants,
with a recording duration of only 90 minutes per participant. In addition, we found that
the estimation of the inspiratory direction sometimes failed, causing the estimated wave-
form to have the wrong sign.

The primary objective of the current study is to assess the performance of a chest-worn
accelerometer in estimating the respiratory waveform during sleep; during all sleep
stages, in the presence of SDB and under realistic conditions such as body and leg move-
ments. We aim to determine if PCA is the processing method that performs best, or if
a different processing method, in particular deep learning, performs better. The reason
to investigate deep learning, is that PCA can only model linear relationships, while deep
learning can model much more complex and non-linear relationships.

In a set of 146 participants undergoing overnight polysomnography while wearing a
chest-worn accelerometer, we evaluate the performance of our PCA method and intro-
duce a new method based on Deep Learning (DL). We present techniques for automatic
hyperparameter search and neural network generation, and for the automatic compen-
sation of misalignments between the predicted signal and the reference signal, for which
a new step to the Adam algorithm for stochastic optimization was introduced .
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2.3 Methods

2.3.1 Chest-worn accelerometery and respiration

The main objective is to derive a signal from a chest-worn accelerometer, which resembles
the reference RIP band signal (the reference) as closely as possible. As the accelerometer
is in mechanical contact with the chest, it measures chest-wall movements, in the form
of acceleration and orientation changes®. An example waveform from a chest-worn
accelerometer is shown in Figure 1 (a), an overview of a whole night is shown. Abrupt,
step-like changes in signal amplitude are related to changes in posture (such as at 02:30),
while large but brief excursions represent other body movements (such as at 00:15 and
06:15). The magnitudes of these signals are in the range of 1 g (with g the acceleration of
gravity). In Figure 1 (b), a detailed view is given, which has a duration of 15 s and starts at
23:18:05 (with horizontal offsets adapted for better viewing). Next to other physiological
phenomena, such as heartbeats and snoring (which are outside the scope of this paper),
we see respiration as relatively slow variations in the three channels X, Y, and Z. The
magnitude of these signals is in the range of mg (milli-g). Finally, Figure 1 (c) shows the
reference RIP band signal () and the prediction (%), which is derived from the signals X, Y,
and Zin Figure 1 (b).

a) raw acceleration
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Figure 1 Example waveforms from chest-worn accelerometery: a) view over a whole night, showing body
movements, posture and turns, b) detailed view (with horizontal offsets adapted for better viewing),
showing respiration and other physiological signals, such as snoring and heart beats (which are outside
the scope of this paper), and c) the RIP band reference (¥) and the predicted signal .
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2.3.2 Data collection

Data were collected during a study conducted at Sleep Medicine Center Kempenhae-
ghe, Heeze, the Netherlands, as part of the Sleep and OSA Monitoring with Non-Invasive
Applications (SOMNIA) project®. Recruitment was done among individuals scheduled
for overnight polysomnography (PSG) as part of the standard diagnostic process. Partici-
pants undergoing CPAP titration, with intellectual disabilities, or with an earlier diagnosis
of Atrial Fibrillation were excluded. Next to standard PSG, the participants wore a 3D ac-
celerometer (ADXL355, Analog Devices, Wilmington MA, USA) mounted on the thoracic
RIP band, to measure the respiratory motion of the chest wall. The raw accelerometer
signals (X, Y, and Z, sampled at 250 Hz) were recorded in the accelerometer device and
were later downloaded into a computer for analysis. Sleep stages and SDB events were
scored manually, according to the AASM guidelines®.

The SOMNIA study was reviewed by the medical ethical committee of the Maxima Medi-
cal Center (Eindhoven, the Netherlands. File no: N16.074). All participants provided con-
sent prior to study initiation. The protocol for data analysis was approved by the Medical
Ethical Committee of the Kempenhaeghe hospital and by the Internal Committee of
Biomedical Experiments of Philips Research.

A total of 146 participants were included (68 female, 78 male), with ages ranging from 17
to 80 years (mean 46.9), demographics are shown in Table 1. The mean recording duration

was 8.3 h (SD 0.5 h). Table 2 provides information on the Apnea-Hypopnea Index (AHI).

Table 1 Demographics of the for the full dataset and subsets.

Subset Count Female Male Age

Full 146 68 (6.0%) 78 (53.4%) 46.9 [17.0-80.0] {33.0-58.8}

Training 59 29 (49.2%) 30 (50.8%) 44.7 [21.0-74.0] {30.0-56.5}

Validation 15 8(53.3%) 7 (46.7%) 43.1[18.0-61.0] {34.0-52.5}
[ ]

Holdout 72 32 (43.1%) 41 (56.9%) 49.4[17.0-80.0] {36.0-62.0}

The Age column shows the mean age, the range between square brackets and the first and third quartiles
between curly brackets.

Before further processing, the RIP and the accelerometer signals were synchronized
by visual inspection. Offsets in time, as well as drifts in sampling rates (due to different
recording devices), were corrected. Subsequently, the data were randomly split into
three subsets, on a participant basis (Table 1). The holdout set was used to evaluate the
performance, while the training and validation sets were used to train and validate the DL
method.
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Table 2 Number of participants and AHI for the full dataset and its partitioning into training, valida-
tion, and holdout sets.

T e AHI Normal Mild Moderate Severe
Mean (SD)  (AHI<5) (5<AHI<15) (15=<AHI<30) (30<AHI)
Full 146 16.5(18) 42 48 32 24
Training 59 16.8 (19) 19 19 10 11
Validation 15 13.9(13) 4 6 3 2
Holdout 72 16.8 (16) 19 23 19 11

2.3.3 Performance evaluation

To evaluate performance, data from the holdout set were processed with our DL method.
For comparison, the same data were also processed with the PCA method, see Figure 2.
The two methods take as input the 3D acceleration signal and produce an estimate of
the respiratory effort (4), which is compared to the reference from the RIP band (¥). Us-
ing performance metrics, statistics were determined, including factor analysis, in which
the factors were the sleep stage (NREM, REM, Wake), the presence of SDB events (Apnea,
Hypopnea, None), the presence of snoring, and leg movements.

In the remainder of the methods section, we will describe the PCA and DL methods and
the performance metrics.

2.3.4 PCA method

As the PCA method has been extensively described in our earlier study®', we only give
a summary here. The raw acceleration signal is first low-pass filtered and decimated. Be-
cause the respiratory pattern manifests itself mainly in the horizontal plane, a projection
is made on that plane, which reduces the dimensionality from three to two. The projected
signal is used as input to a recursive PCA computation, from which the dominant compo-
nent is used as an estimate for the respiratory signal. As PCA only estimates a component
and not a sign, a classifier is used to estimate the sign, such that inspirations are repre-
sented in the positive direction and expirations in the negative direction.

y .
DL method P»| Metrics
T y Statistics
Y A
PCA method Metrics
Reference (RIP) T y
Sleep stages and events

Figure 2 Processing block diagram.
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2.3.5 Deep learning method

Architecture

Inspired by the recent successes of 1-D convolutional neural networks® and the much
older universal approximation theory’, in which it is shown that neural networks can
approximate arbitrary functions, we investigate whether Convolutional Neural Networks
(CNNs) can be a good alternative to PCA for this application.

An advantage of using a CNN is that it comes with an associated receptive field and
processing equivariance’'. A receptive field is the time interval that is required to predict
one output sample; constraining it makes the system robust against disturbances (such
as body movements) that occur outside the receptive field, as these do not influence the
predicted sample. Processing equivariance for time shift means that if the same input is
offered at a different moment in time then the same output is produced; this is desired as
we don't want the mapping of input to output to change over time; if an input segment
in the morning is the same as one in the evening before, then the predicted outputs
should be the same as well. Furthermore, a CNN reduces the complexity of the training as
well as the computational requirements during prediction.

A block diagram of the chosen CNN architecture can be found in Figure 3. It comprises
L layers, of which each has kernel size nll, and ¢ output channels. The kernel sizes
{n R ... KM} and output channels {c?,c, ..., ¢!} are the hyperparameters. The num-
ber of input channels (c) is always 3 and the number of output channels (c!¥)) is always 1.
The number of samples in each channel is kept constant throughout the network, which
enables us to keep the sampling rate of input and output the same (10 Hz). Each layer
starts with 1-D convolution, followed by batch normalization’?, such that convergence
during training is improved. As the signals are normalized and have a mean of 0, we
chose tanh-activation, which is symmetric around 0 (while a ReLU and a sigmoid are not).
Finally, the last layer (L) has a trainable multiplication factor after its tanh-activation, to
allow for amplitudes outside the -1 to +1 range.

- L
C[0]=3 C[1] C[L 1] C[ ]:1

Figure 3 The CNN architecture, comprising L layers. Input is the pre-processed 3-D acceleration signal,
output is the estimated respiratory effort signal (Y). Each layer L maps C|L — 1] input channels to C|L]
output channels. A layer comprises 1-D convolution, batch normalization and tanh-activation.

& &

h[1]
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Preprocessing

The CNN is deterministic, so the relationship between its input and output is the same
for all participants, for all postures, and all sensor orientations. Preprocessing the raw
3D acceleration signal can help reduce variability across these variables, which makes it
easier for the CNN to generalize (to work well under variability), especially if the amount
of training data is limited. In our method, the preprocessing helps reduce the variability
due to changes in sensor orientation and amplitude, the former through horizontal trans-
formation and gravity removal, the latter through normalization.

A block diagram can be found in Figure 4, which shows that preprocessing comprises
three blocks that all operate recursively. The first block takes as input the raw acceleration
(at 250 Hz), filters it, and decimates it to 10 Hz. The purpose of the decimation is twofold;
it suppresses components that are not due to respiration (such as heartbeats and snor-
ing), and it reduces computational load, size of intermediate storage, and bitrate during
further processing. The frequency of 10 Hz was chosen empircally, such that the non-
respiratory components were sufficiently suppressed, while the predicted signal (9) still
adequately resembles the reference (v). The second block performs a coordinate transfor-
mation, such that the first two dimensions lie in the horizontal plane (and consequently,
the third aligns with the acceleration of gravity). The third bock performs normalization.

| Respiratory
| effort
- CNN —» 1
|3 : 4
|
|

N Filtering and ™, Horizontalun"}
a decimation > transformatio(pf 3

\ 4

Figure 4 Block diagram of the DL method, comprising preprocessing and a CNN. Input is the raw 3D ac-
celeration signal (@) and output is the respiratory effort (4). Preprocessing comprises filtering and decima-
tion, horizontal transformation, and normalization. The dashed arrows in the processing blocks denote
recursive operation. The numbers below the arrows represent the dimensionality of the signal.

Example waveforms are shown in Figure 5. The top graph shows the raw signal, including
noise and other components, such as heart beats and snoring; the middle graph shows
the filtered and decimated signal, in which components other than respiration have been
suppressed; the bottom graph shows the signal after horizontal transformation. Note
that, although not shown in the figure, the gravity component is still present in the first
two signals, and is only removed during the horizontal transformation, such that the
three components (H1, H2 and V) are zero-mean. It may be observed that the respiratory
component predominantly takes place in the horizontal plane (components H1 and H2).
Further details on recursive processing can be found in our earlier work®'.
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One reason to use recursive processing (as opposed to block-based processing) is that
it allows for seamless prediction of signals that last a whole night, while only requiring
access to a time interval of the acceleration signal with the size of the receptive field.

Automatic hyperparameter search

Many of the CNN parameters are application specific, and architectural specifications
do therefore not directly map one sequence-to-sequence application to the other. For
example, the required temporal receptive field depends on the frequency spectrum of
important concepts in the input, in our case breaths. To optimize the architectural struc-
ture of our CNN to predict respiratory effort, we thus perform an automatic hyperparam-
eter search across the number of layers, number of channels, and kernel sizes. We use a
combined method for selecting the hyperparameters and for training the network, which
is loosely based on One-State NAS "%, in which architecture optimization (hyperparameter
search) and network parameter training are performed simultaneously. A block diagram
of the method can be found in Figure 6.

In the initial step, P hyperparameter sets are randomly sampled from a constrained hy-
perparameter space (P = 600). For each number of layers L, L < {5, 7, 9, 11}, an equal num-
ber of samples (P/4) is taken. For a specific sample (with given L), the hyperparameters
are determined through rejection sampling. First, the kernel sizes {rlY,n, ..., &lt} are
sampled independently. For each layer i, an auxiliary variable «/ is sampled: v/ ~ U(1, 63),
after which the kernel size is computed as rl! = 241 + 1, such that kernel sizes are odd and
in the range from 3 to 127. Secondly, the number of output channels {c!l,c, ..., -1}
are sampled independently: ¢ ~ U(8, 64). Finally, as the total number of parameters of
the network may become very large, we reject a sample if the total number of network
parameters exceeds 250,000. We continue this process until we have P/4 instances for
each L.

After the initial sampling, we generate network instances from the samples and perform
simultaneous selection and training over successive rounds. Within each round, the in-
stances are trained, and, in between the rounds, instances are either rejected or selected
to proceed to the next round. In each round r, C. instances are trained for a fixed number
of epochs, or iterations (20), after which their losses over the validation set are computed.
The process is stopped if the decrease in validation loss of the best performing instance
in the current round (r), compared to that of the best performing instance in the previous
round (r — 1), is less than 1%. Upon stopping, the best performing instance is selected
as the final network, including the network parameters as they were in the final round.
The process continues if the decrease in validation loss is larger than 1%, in which case
C,iinstances are selected for continued training in round = + 1. The selection of the C,,
instances for the next round is done by taking the instances with the lowest training loss,
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the lowest validation loss, and the largest decrease in training loss, such that C,.: is as
small as possible, but C,;; > maz(0.5 ¢C,, 1).

Sample hyperparameters

> Train

Rounds Select
instances

»| Validate

Trained network instance

Figure 6 Block diagram of the hyperparameter search and training. First, 600 sets of hyperparameters are
sampled, after which, for each set, a CNN instance is generated. In each round, CNN instances are trained
(using the training set), after which they are evaluated (using the validation set), and CNN instances are
selected for further training in the next round. Finally, a single, trained, CNN instance is obtained.

Network training

The training of a network instance during a round constitutes the (further) adaptation
of its parameter values, such that its loss over the training set decreases. If the network
instance generalizes well (which depends on the hyperparameters), then also its loss over
the validation set will decrease. For computing the loss over a dataset (either the training
or the validation set), the data are partitioned into segments of equal length, and the
loss over the set is computed as the average loss over the segments. The segmentation
concerns the input data (the pre-processed 3D acceleration g) as well as the reference (¥
). The prediction for a segment s (9s) is computed by applying the network to the input
data , for that segment: 4, = CNNG(E)S), with CNN, being the network instance with

(partially trained) parameters 6.

Even though the reference (y) and inputs (E’) were synchronized, small misalignments
may remain, which vary over time, for example due to variations in the sampling rate of
the recording devices. Although small, these misalignments may significantly influence
the loss (for example a misalignment of 1 s may change the loss by 50%, when using a
sinusoidal waveform at 15 min™), which is why we compensate for them by means of
automatic reference alignment. Automatic reference alignment is performed by adapting
the timing of the reference, using a delay parameter d; being the number of samples that
ys should be delayed to best match %s. As a result, the loss function is computed over
ys[n —d,] and ¥s ["}, withn =m +1... M —m, with M the number of samples in a segment,
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and —m < d, < m. We (empirically) chose m = 15, and M = 900; the choice for m corre-
sponds to 1.5 s, which is sufficient to compensate for the delays as they occurred in our
study; the choice for M corresponds to 90s, yielding good convergence of the stochastic
optimization. As we do not know what the optimal delays should be (¥s must be first
predicted for that), we optimize these during the training process. Due to variability in
the optimal alignment, each segment s gets its own delay ds, such that the set of delays
becomes D ={di,...,dn}, with N the number of segments in the data set.

The loss function should direct the hyperparameter search and training process towards
good performance according to the metrics as defined in the section on performance
metrics. Our loss function quantifies the difference between the predicted waveform (¥s)
and the delay-compensated reference waveform (vs):

£,(0,D) = sl S (sl ] — . [n])? )

!

with Ls the loss of segment s and 6 the (partially trained) parameters of the network in-
stance (note that the overall loss L is the mean over the segment losses Ls, withs = 1... N
). The objective of training a network instance is to minimize the loss over the parameter
space (6, D):

(00, D,) = argming p L(@, D), (2)

with 0, the optimal network parameters and D, the optimal delays. Clearly, foand Doare
interdependent, such that we must optimize them simultaneously, which is why we apply
coordinate descent. We update 6 and D in turn, each by a small amount at a time. We use
the Adam method for stochastic optimization ¢, to which we add an additional step. The
step comprises the update of the delay, and is inserted at the start of an iteration, prior to
computing the gradient with respect to ¢ (which is normally the first step in Adam), see
below. As the loss function (1) is not differentiable in respect to ds;, we compute it for both
d,—1 and d. + 1 and use the sign of the gradient {-1, 0, 1} instead of the gradient itself,

such that d; is only changed in steps of 1 sample.

1. tet+1,

2. Dif] « Dt —1] - D) update the delay parameters (automatic reference
' alignment)

compute the gradient with respect to 6, asis normally

done in Adam

4. compute @[t] and 3[t] from glt], estimate moments, as is normally done in Adam

oD

3. g[ﬂ — VHLS(H[t - 1]7 D[tD,

5 Ot Oft—1] — oo 2 update the network parameters, as is normally done
) Viltte, in Adam

2.3.6 Performance metrics

To quantify performance, we compute the mean squared error (MSE), the correlation
coefficient, the positive predictive value (PPV), and the sensitivity:
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MSE - Once an estimate {y) has been produced then its performance can be deter-
mined by comparing it against the reference (y). To quantify how well the predicted

waveform resembles the reference, we use the MSE.
MSE = % ¥V, (y[n] —9[n])’ (3)

To allow the study the influence of factors such as the sleep stages, we split a recording
into separate observations. Observations correspond to 60-second segments of a record-
ing, distanced 15 s apart such that they overlap by 45 s. Before computing the MSE, the

reference is normalized and automatically aligned to the prediction.

Correlation coefficient — To further quantify the similarity between the estimate (§) and
the reference (y), we compute the Pearson’s correlation coefficient for each observa-
tion. As the correlation coefficient can only be computed for observations of which

the standard deviation of both y and ¥ are not equal to zero, observations with zero

standard deviation are skipped. The standard deviation of an observation may (tem-

porarily) be zero during non-wearing or the occurrence of a technical problem.
PPV and sensitivity — For the detection of breaths, from which the PPV (Tp/(TP + FP)

) and sensitivity (TP/(TP + FN)) are computed, peaks are detected in the waveforms,
see Fig. 7. A peak is a local maximum, with a height > 0, a distance > 1.2 s to neighbor-
ing peaks (1.2 s corresponds to one period at 50 breaths per minute), and a promi-
nence > 0.5 (the prominence is the vertical distance between the peak and its lowest
contour line). PPV and sensitivity are computed by first matching the peaks from y
and ¥; two peaks match if they are closer in time than 1 s. Matched peaks are true
positives; peaks in y that could not be matched are false negatives; peaks in 4 that
could not be matched are false positives, see Table 3. We do not compute the PPV

and sensitivity for individual observations, but only for complete recordings as the
duration of an observation (60 s) is too short to get meaningful results.

Table 3 Classification of peaks into TP, FN and FP categories and the definitions of PPV and Sensitiv-

ity.

Peak is in prediction (Y)

Y N
TP FN Sensitivity =
Y (The peaksin ¥ and Y match) (The peakin ¥ does not TP /(TP + FN)
Peak is in match with any peak in Y)
reference () FP -
N (The peak in § does not

match with any peak in ¥)

PPV =TP / (TP + FP)
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We investigate how various factors influence performance. As a performance metric
we use the MSE, as that is computed for each observation. First, we label observations
with levels of factors (for example an observation may get the level REM for the factor
Sleep stage and get the level Apnea for the factor SDB event), after which we compute
the mean and median MSE for the different levels and perform a Mann-Whitney U test
between the observations for the different levels to see if differences between levels are
significant. We investigate the following factors:

Sleep stage - As levels we have the sleep stages NREM (comprising N1, N2 and N3),
REM, and Wake.

SDB event - As levels we have Apnea (obstructive, central and mixed), Hypopnea, and
None (neither apnea, nor hypopnea).

Leg movement - Since leg movements may be a source of motion of the chest wall
(next to respiration) and as such may be a source of noise, we investigate its influence.
As levels we have Movement and None.

Snoring - Snoring may be another source of motion of the chest wall, which is why we
investigate its influence. As levels we have Snore and None.

Finally, we investigate if differences between sleep stages can be reproduced by the
respiratory effort estimation. From earlier work on cardiorespiratory sleep staging %, we
know that the regularity of breathing varies over the sleep stages and therefore may be
used for automatic sleep staging. To quantify regularity, we use two metrics: periodicity
and dynamic range. Periodicity is computed through spectral analysis and it indicates
the relative height of the spectral peak compared to that of a purely periodic signal®'.
Dynamic range is the difference between the highest and lowest peak in the estimated
signal (see Fig. 7). Accordingly, a signal can be considered regular if it has a low dynamic
range and a high periodicity, and irregular if it has a high dynamic range and a low
periodicity. We investigate if there are significant differences of the regularity between
the sleep stages in the reference signal and if these differences are reproduced in the
predicted signal. We also check if regularity is correlated to performance, using Spearman
rank correlation.

0 10 20 30 40 50 60
time [s]

Figure 7 The waveforms of an observation. The top graph shows the reference, while the bottom graph
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shows the prediction. Triangles indicate automatically detected peaks in the waveforms, considered
landmarks of individual breaths and further used to compute PPV and sensitivity.

2.4Results

2.4.1 Hyperparameter search and training of the CNN

First, 600 hyperparameter sets were sampled from a constrained space, by means of re-
jection sampling, meaning that samples not satisfying the constraints were rejected, such
that samples that were selected did satisfy the constraints (for further details, see section
2.5.3). For each of the parameter sets, a network instance was generated, such that the
number of layers ranged from 5 to 11, the number of parameters ranged from 23,612 to
250,422, and the receptive field ranged from 121 to 865 samples. The training and search
process ran for about a week (on an Intel Xeon E-2146G CPU @ 3.50 GHz, and an Nvidia
Quadro RTX 4000 GPU card), and terminated after 6 rounds, because the stop criterion
was met. From the 10 remaining network instances, the one with the lowest mean valida-
tion loss was selected (mean training loss = 0.258, mean validation loss = 0.330, mean test
loss = 0.324). The selected instance (see Table 4) had 9 layers, 207,855 parameters, and a
receptive field of 297 (29.7 s), which means that to compute a sample of the predicted
signal att = to, input samples from to — 14.85s to to +14.85s are used. The number of input
channels is 3 (being the 3 output channels of the preprocessing, H1, H2 and V), while the
number of output channels is 1 (being the predicted respiratory signal, 9). The sampling
frequency is 10 Hz for inputs, outputs, and all signals throughout the network. To be able
to use stochastic optimization, we trained the network using inputs with a length of 900
samples. Because the network is convolutional, it works by sliding kernels over the input
sequence. As this allows for seamless processing of input sequences of arbitrary length,
we process a recording in its entirety during prediction, alleviating us from the need of
assembling an output sequence from individual segments.

Table 4 Overview of the selected model, with the number of output channels, kernel size and num-
ber of parameters for each layer (comprising convolution and batch normalization).

Layer Output channels Kernel size Number of parameters
1 51 13 2040 +102
2 20 11 11,240 + 40
3 50 17 17,050 + 100
4 15 75 56,265 + 30
5 26 101 39,416 + 52
6 20 9 4,700 + 40
7 28 5 2,828 + 56
8 49 53 72,765 + 98
9 1 21 1,030+2+1

207,855

The extra parameter of layer 9 is a trainable multiplication factor after the last tanh-activation, such that
predicted outputs can become less than -1 or greater than 1.
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2.4.2 Performance results

Mean squared error and correlation

Both the DL and PCA methods were evaluated over a total of 146,283 (60-second) obser-
vations from the holdout set, corresponding to 610 h of data collected from 72 partici-
pants. As no observations were excluded (the coverage was 100 %), the results comprise
the full PSG session, including body movements such as posture changes. The summary
statistics for the MSE are shown in Table 5, which shows the median, mean and standard
deviation (SD) for all observations, and for the factors Sleep stage, SDB event, Leg move-
ment and Snore. The median MSE over all observations is 0.11 for the DL method, while
it is 0.26 for the PCA method. The DL method significantly outperforms the PCA method
(Wilcoxon signed-rank test, p < 0.001) when computed over all observations and when
computed over the different factors. For 70 out of the 72 subjects the median MSE ob-
tained with the DL method is less than or equal to the median MSE obtained with the
PCA method (Fig. 8). The summary statistics for the correlation can be found in Table 6.
Like the MSE, the DL method outperforms the PCA method, with the same significance
(with the difference that, for the MSE, outperforming means having a lower value, while
for the correlation, it means having a higher value). Note that the number of observa-
tions in the correlation table (Table 5) can be lower than that in the MSE table (Table 6)
because not for all observations a correlation coefficient could be computed (see section
“Performance metrics"”).

Table 5 Summary statistics for the MSE, for the two processing methods (DL and PCA), for all obser-
vations and for the factors sleep stage, SDB event, leg movement and snore.

Snore

DL Method PCA Method
Observations Median Mean (SD) Median Mean (SD)
All All 146283 0.11 0.33(0.5) 0.26 0.53 (0.6)
NREM 89153 0.06 0.19(0.3) 0.14 0.34(0.4)
Sleep stage REM 15032 0.14 0.26 (0.3) 0.28 0.46 (0.4)
Wake 26973 0.58 0.69 (0.6) 1.03 1.00 (0.6)
None 137213 0.10 0.33(0.5) 0.24 0.52(0.6)
SDB event Apnea 1362 0.25 0.43 (0.5) 0.71 0.86 (0.4)
Hypopnea 7708 0.25 0.38(0.4) 0.57 0.68 (0.5)
Movement 32416 0.32 0.53(0.5) 0.70 0.83 (0.6)
Leg movement
None 113867 0.08 0.27 (0.4) 0.19 0.44 (0.5)
Snore 4948 0.07 0.25(0.4) 0.19 0.39(0.4)
(

None 141335 0.11 0.33(0.5) 0.27 0.54 (0.6)
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Table 6 Summary statistics for the correlation coefficient, for the two processing methods (DL and
PCA), for all observations and for the factors sleep stage, SDB event, leg movement and snore.

DL Method PCA Method
Observations Median Mean (SD) Median Mean (SD)
All All 145508 0.94 0.83(0.2) 0.87 0.73(0.3)
NREM 89017 0.97 0.90 (0.2) 0.93 0.83(0.2)
Sleep stage REM 14945 0.93 0.87(0.2) 0.86 0.77 (0.2)
Wake 26479 0.71 0.64 (0.3) 0.43 0.47 (0.3)
None 136438 0.95 0.83(0.2) 0.88 0.74 (0.3)
SDB Event Apnea 1362 0.87 0.78 (0.2) 0.64 0.56 (0.2)
Hypopnea 7708 0.87 0.81(0.2) 0.71 0.65(0.2)
Movement 32375 0.83 0.73(0.3) 0.64 0.58 (0.3)
Leg movement
None 113133 0.96 0.86 (0.2) 0.91 0.77 (0.3)
Snore 4942 0.96 0.88(0.2) 0.9 0.80(0.2)
Snore
None 140566 0.94 0.83(0.2) 0.87 0.73(0.3)
MSE for each subject Correlation coefficient for each subject
1.6
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Figure 8 Scatter plots of the median MSE and correlation values for each subject. Left: The MSE for the
PCA and DL methods; a point below the dashed red line means that the MSE of the DL method is lower
than that of the PCA method. Right: The correlation coefficient for the PCA and DL methods; a point
above the dashed red line means that the correlation coefficient for the DL method is higher than that
of the PCA method.

Influence of factors on the performance of the DL method

In this section we investigate how factors influence the performance of the DL method.
The performance figures for the various levels of each factor may be found in Table 5
for the MSE, and in Table 6 for the correlation. All mentioned differences are significant
(Mann-Whitney U test, p < 0.001). We have the following factors:
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Sleep stage — Performance is better during non-REM (NREM) sleep than during REM
sleep and better during REM sleep than during Wake.

Leg movement - Performance is better in absence of leg movements than in their
presence. Leg movements have a high impact on performance, as they occur quite
frequently (in 32416 out of the 146283 observations, corresponding to 22%) and be-
cause they increase the MSE from 0.08 to 0.32 and decrease the correlation from 0.96
t0 0.83.

SDB event — Performance is better in absence of SDB events (apnea, hypopnea) than
in their presence. Even though the presence of SDB events increases the MSE (from
0.10 to 0.25) and decreases the correlation (from 0.95 to 0.87), their impact on the
overall performance is limited, as they occur relatively infrequently (7708 observa-
tions for hypopnea and 1362 for apnea).

Snoring - The presence of snoring decreases the MSE (from 0.11 to 0.07) and some-
what increases the correlation (from 0.94 to 0.96). This is unexpected as snoring is
a disturbance in the acceleration signal (see Figure 1); a decrease in performance is
expected. The possible explanation is that the presence of snoring excludes other fac-
tors that decrease performance, such as being awake and the presence of obstructive
apnea events.

Breath detection (PPV and sensitivity)

For breath detection, PPV and Sensitivity were computed for the PCA and DL methods,
of which the results can be found in Table 7. DL significantly outperforms PCA (Wilcoxon
signed-rank test, p < 0.001). Note that once more the metrics are computed over all ob-
servations, without discarding any, such that the coverage is 100%.

Table 7 PPV and sensitivity for breath detection, for the DL and PCA methods.

DL Method PCA Method
Metric Median Mean (SD) Median Mean (SD)
PPV 94.5 93.5(4.9) 91.1 90.0 (6.4)
Sensitivity 95.5 93.7 (5.3) 91.6 90.8 (6.1)

2.4.3 Relationship between sleep stages, performance, and the regu-
larity of breathing

Figure 9 represents the relationship between the regularity of breathing and the sleep
stages. The left pane shows the regularity of the reference signal for each of the sleep
stages, while the right pane shows the same for the predicted signal (using the DL
method). We have found that breathing is more regular during NREM sleep than during
REM sleep, and more regular during REM sleep than during Wake (Mann-Whitney U test,
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with p < 0.001). This holds for the reference as well as for the predication, and holds when
comparing all observations, as well as when comparing subject medians.

Regarding the relation with performance, we have found a correlation of 0.73 between
MSE and dynamic range (Spearman rank correlation, p < 0.001) and a correlation of -0.67
between MSE and periodicity (Spearman rank correlation, p < 0.001), suggesting a rela-
tion between regularity and performance (better performance when breathing is more
regular). These correlations were for the DL method, for the PCA method they were 0.69
and -0.63, respectively.

Reference Prediction
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Lessaegular, e Wake Less regular ¢ Wake
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Figure 9 Regularity for the sleep stages NREM, REM and Wake. The left pane shows the regularity com-
puted from the reference signal, while the right pane shows it for the predicted signal. Each dot repre-
sents the median value for Periodicity and Dynamic range for a subject, while the cross shows the median
over all observations.

2.4.4 Waveform examples

To illustrate the results, Figure 10 presents the waveforms from three different observa-
tions (60-second segments), during NREM, REM and Wake. The observations were ran-
domly selected such that their MSE was close to the median for the corresponding sleep
stage (as in Table 5). The waveform during NREM is most regular and has the lowest MSE,
while the waveform during wake is the least regular and has the highest MSE, which cor-
responds to our findings.
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NREM

REM

Wake

Figure 10 Three examples of waveforms during NREM, REM and Wake. The MSE increases (0.05, 0.14,
0.57), the dynamic range increases (0.41, 0.96, 2.08), and the periodicity decreases (0.81, 0.79, 0.49).

2.5Discussion

2.5.1 Principal findings and relation to other methods

We evaluated the estimation of respiratory effort from a chest-worn accelerometer in a
holdout set of 72 participants undergoing overnight PSG. The study covered the various
sleep stages, included body and leg movements, and contained intervals with SDB. The
new DL method was trained and validated on a set of 74 subjects. We found that the per-
formance depends on the sleep stage (NREM better than REM and REM better than Wake)
and on the presence of leg movements (better in absence than in presence). A relation-
ship between the regularity of breathing and performance was shown; performance was
better when breathing was more regular. This matches with the performance difference
between the sleep stages; performance was better in sleep stages where breathing was
more regular.

In a previous study it was shown that PCA was the best performing method so far**. How-
ever, we found that DL significantly outperforms PCA; the median MSE decreased with
more than a factor 2 from 0.26 to 0.11. The median PPV for breath detection increased
from 91.1 to 94.5%, and the median sensitivity increased from 91.6 to 95.5%. These in-
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creases correspond to a decrease of the false discovery rate (100 - PPV) from 8.9 to 5.5%
and to a decrease of the false negative rate (100 - sensitivity) from 8.4 to 4.5%. It is im-
portant to highlight that these numbers were attained without excluding any recorded
intervals, such as those during body movements and leg movements.

A reason that DL outperforms PCA may be that PCA is a linear coordinate transformation
on a single sample, and taking the dimension with the highest variability is merely an
approximation that discards part of the information in the acceleration signal. In contrast,
DL uses all the information (all three axes), uses all samples in the receptive field, and
allows for non-linear relationships. As per the universal approximation theory’, it can
approximate any function (as long as it is deterministic, which is inherent to a function).
Another factor affecting performance is that DL also provides an estimate of the inspira-
tory and expiratory directions (the sign of the respiratory effort signal), while for PCA an
additional estimator is required, as PCA only estimates the axis with maximal variability,
but not its sign.

The relationship between the regularity of breathing and the estimation performance
may be principal for the use of an accelerometer for this application. When breathing
becomes more regular, a better estimate becomes possible; this is supported by the posi-
tive correlation between performance and regularity, and by performance being better in
sleep stages where breathing is more regular. The relationship not only holds for the DL
method but also for the PCA method, which is an indication that estimation performance
increasing with regularity may be inherent to the use of a chest-worn accelerometer and
does not depend on the processing method. The root cause may be that an accelerom-
eter only measures the orientation of the chest wall at a single point, whereas a RIP belt
measures the total circumference of the body. It may be that when breathing becomes
less regular, the relationship between the total circumference and the chest-wall orienta-
tion at a single point becomes more complex and less deterministic.

2.5.2 The DL method

As for the DL method, techniques beyond neural network training were required to
obtain the results as presented, being automatic hyperparameter search, automatic
reference alignment, and recursive preprocessing. With the first technique, automatic
hyperparameter search, we did not only determine the number of layers, kernel sizes, and
the number of trainable parameters to what was optimal for this architecture, but we also
determined the receptive field. A receptive field of 29.7 s (from -14.85 to +14.85 s) gave
optimal results for the CNN architecture. This matches with the intuition that acceleration
values further away in time should have little to no influence on the estimate, but also
that a considerable number of samples (297 @ 10 Hz) is required to produce a reliable
estimate. The equivariance over time, which comes with a CNN, is a limitation of the
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model, as the relationship between the acceleration signals and the respiratory effort is
not equivariant; it varies with posture and between participants. However, imposing this
limitation (by the choice of the CNN architecture and hyperparameters), does not overly
limit the model and allows it to significantly outperform PCA.

The second technique, automatic reference alignment, allowed for the training of the
CNN to converge well to an optimal solution. If no automatic reference alignment would
be done, the CNN would have needed to compensate for this misalignment by for ex-
ampling implementing a phase delay, for which it would require information that is not
present in the input signal and to which it therefore has no access. However, the addition
of automatic reference alignment increased the complexity of the loss function L(6, D), as
it became a function of not only the network parameters ¢ (as is normally the case), but
also of the delays D. This was solved by adding a new step to the Adam algorithm, with
which we have extended it to perform coordinate descent. Our technique for automatic
reference alignment is not restricted to the estimation of respiratory effort and may be
used for other applications where alignment with a reference is important, for example in
the image domain.

The third technique, recursive preprocessing, reduces variability in amplitude and orien-
tation, such that the CNN generalizes better than without (we found: mean validation
loss = 0.330, mean test loss = 0.324). In addition, due to its recursive nature, recursive
preprocessing does not extend the receptive field, which allows for processing long
recordings while only a part of the signal with the duration of the receptive field (29.7 s)
needs to be stored in memory at one time.

The difference in input length during training (900 samples) and prediction (all samples
in a recording), causes differences between the prediction from segmented and non-
segmented samples, because of padding (affecting the output samples at the boundaries
of a segment for a length of half the receptive field). We accept this, because otherwise
we would not be able to benefit from stochastic gradient descent (lower computational
load and better convergence).

Finally, it seems that the CNN has a regularizing effect on the signal, meaning it tends to
decrease dynamic range and increase periodicity, in case the reference is irregular. This
is supported by Figure 9, which shows a decrease in dynamic range and an increase in
periodicity from reference to prediction and by the positive correlation between perfor-
mance and regularity that we found.
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2.5.3 Applications and future research

Certain applications may become feasible when using a chest-worn accelerometer in
combination with the DL method to estimate respiratory effort. A first application is
automatic sleep staging. The DL method can reproduce differences in regularity between
the sleep stages. As methods exist that use cardiorespiratory signals for sleep staging®,
it may be possible to automatically detect sleep stages with respiratory effort estimated
from a chest-worn accelerometer. The required cardiac signals may originate from ECG (in
case of a patch), or, if possible, from the accelerometer signal itself. A second application
may be the detection of SDB events; even though performance degrades a bit during
such events, detection may be feasible. Another application is the estimation of respira-
tory rate. Although out of scope for this paper, we have already shown good results in
combination with PCA ®' and we may expect that these only get better by using DL, as DL
increases sensitivity and PPV and reduces MSE.

Some limitations remain and may yield opportunities for future research. Performance
varied over the subjects (see Figure 8). Although the impact of factors such as sleep stag-
es, regularity of breathing, and leg movements were studied, there may be other factors
that affect performance, such as whole-body movements, accelerometer signal-to-noise
ratio, and the quality of the mechanical contact with the chest wall. Related to this, for
applications that do not need to monitor respiration continuously, it may be beneficial
to know when estimation performance is temporarily deteriorated, such that these time
intervals can be discarded, or weighed less. For such applications, it would be beneficial if
the signal quality (or estimation uncertainty) could be assessed automatically, using only
the accelerometer signals.

In conclusion, we presented a Deep Learning method for estimating respiratory effort
from a chest-worn accelerometer that significantly outperforms PCA. As it reproduces
differences between sleep stages, it may enable automatic sleep staging from just an
accelerometer worn on the chest.
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3.1 Abstract

Objective - Unobtrusive long-term monitoring of cardiac parameters is important in a
wide variety of clinical applications, such as the assessment of acute-illness severity
and unobtrusive sleep monitoring. Here we determined the accuracy and robustness of
heartbeat detection by an accelerometer worn on the chest.

Approach - We performed overnight recordings in 147 individuals (69 female, 78 male)
referred to two sleep centres. Two methods for heartbeat detection in the acceleration
signal were compared: one previously described approach, based on local periodicity,
and a novel extended method incorporating maximum a posteriori estimation and a
Markov decision process to approach an optimal solution.

Main Results - The maximum a-posterior estimation significantly improved performance,
with a mean absolute error for the estimation of inter-beat intervals of only 3.5 ms, and
95% limits of agreement of -1.7 to +1.0 beats per minute for heartrate measurement.
Performance held during posture changes and was only weakly affected by the presence
of sleep disorders and demographic factors.

Significance - The new method may enable the use of a chest-worn accelerometer in a
variety of applications such as ambulatory sleep staging and in-patient monitoring.
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3.2Introduction

The monitoring of cardiac parameters has a variety of applications in medicine. One
example is the assessment of acute-illness severity, where heartrate (HR) is measured to
compute an early warning score for patient deterioration®’. Another is the monitoring of
sleep using cardiac parameters, as an alternative to polysomnography®. For these ap-
plications, precise measurement of instantaneous heart rate (IHR) is paramount. IHR is
derived from heartbeats, specifically the inter-beat intervals (IBls) and beat localization
times; it is computed as the inverse of the IBls and can change at every heartbeat. A com-
mon characteristic of these applications is the need for prolonged monitoring of patients
in bed, either continuously or night-after-night, which is why the measurement must be
unobtrusive, be robust against differences in wearing conditions and postures and allow
for easy re-attachment of the sensor.

The gold standard for cardiac measurements is electrocardiography, or ECG, in which the
QRS complexes are the basis of measurement. The R-peaks are used to localize heartbeats
and the intervals between R-peaks (R-R intervals) are used to measure IBls ’* . Alternative
detection methods have been developed, which may or may not require body contact.
Among the contactless methods are millimetre wave radar " and remote photoplethys-
mography (PPG)’®. An often used method that requires body contact is PPG, where the
blood volume pulse is measured by means of a sensor on the finger or on the wrist”’.

Another approach is ballistocardiography (BCG), which measures cardiac vibrations
through the structure upon which the body resides. The vibrations can be measured us-
ing sensors installed on the bed, either on top of or below the mattress. In a comparable
approach, seismocardiography (SCG), cardiac vibrations are measured on the chest wall.
SCG has long been studied”® and has regained attention since micro-electromechanical
systems such as accelerometers, have become widely available at low cost’*®. An SCG
measurement may performed by means of an accelerometer inside a device worn on the
chest, as an adhesive patch or through a band. The advantages of using a chest-worn
accelerometer are multiple; modern accelerometers have a small footprint, are relatively
low in cost, have low power consumption, and only require mechanical contact with the
chest at a single point. There is no need for skin contact, neither electrical nor optical,
which means that biocompatibility issues leading to allergy, or skin irritations can be
avoided, and skin preparation is not required. These properties make it suitable for pro-
longed wearing, or nightly re-application.

Many studies use SCG to investigate cardiac functioning, specifically cardiac time inter-
vals, such as the pre-ejection period and the left ventricular ejection time®"*, Some stud-
ies also look at the IBIs. In one study, 66 participants equipped with an array of 32 IMUs,
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were measured in supine posture for one minute, and IBls were computed by means of a
Hidden Markov Model®. Other studies used templates. In one study, 13 participants wore
an accelerometer and rested in a chair for four minutes and templates were automatically
calibrated for each participant®. In another study, 100 participants wore an accelerom-
eter and a gyroscope and were measured in supine position for 6 minutes and 48 seconds
in average, after which participant-specific templates were automatically matched®*®. In
yet another study, 21 subjects equipped with an IMU were measured for two minutes
in supine posture, and heart beats were detected by envelope detection using a Hilbert
transformation?’.

A common characteristic of all these studies is that the recording times were relatively
short and that subjects followed a protocol in which they were asked to not move and
remain lying in the same posture. However, during protocol-free conditions, such as
sleep, subjects are free to move their body and limbs and take any posture they prefer. A
method for estimating the heart rhythm should therefore be robust against these condi-
tions and be accurate at the same time.

Freedom of movement brings additional challenges to the processing of the data. Global
template approaches, for example, cannot be used, as the shape of the waveform may
change with posture. This problem has been addressed in the past by exploiting local
periodicity, rather than global templates®. This method used maximum-likelihood esti-
mation (MLE) for IBls and was evaluated on BCG signals. It could estimate individual IBls
very accurately. However, IBl sequences could be temporally inconsistent, meaning that
sums of successive IBls could be unequal to the elapsed time, and that time differences
between successive beats could be unequal to estimated IBls. Furthermore, performance
was not evaluated on SCG signals.

Here, we evaluate the detection of heartbeats using SCG signals originating from a chest-
worn accelerometer. We evaluate the previous approach based on local periodicity®® and
we introduce a new method, which enforces temporal consistency and relies on maxi-
mum a-posteriori estimation (MAP) rather than MLE. We compare the two methods on
beat localization, IBl estimation, and on the derived metrics IHR and HR. We use overnight
sleep recordings from a population that is diverse in gender, body-mass index, age, and
includes participants with sleep disorders.
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3.3Methods

3.3.1 Data collection

Data were collected at Sleep Medicine Centre Kempenhaeghe, Heeze, the Netherlands,
as part of the SOMNIA project®. Recruitment was done among individuals scheduled
for overnight polysomnography as part of the standard diagnostic process. Participants
undergoing CPAP titration, with intellectual disabilities, or with an earlier diagnosis of
atrial fibrillation or other rhythm disorders were excluded. Next to the polysomnographic
montage, the participants wore a prototype chest-worn device including a 3D acceler-
ometer (ADXL355, Analog Devices, Wilmington MA, USA), see Figure 1. The device had a
cable that was connected to a remote recorder, and staff were instructed to mount the
sensor device on the thoracic respiratory belt, such that the cable was at the top right.
The raw accelerometer signals (X, Y, and z, each sampled at 250 Hz) were recorded in the
recorder and were later downloaded into a computer for analysis. ECG was recorded by
the PSG system, using a modified lead Il montage sampled at 512 Hz.

e B

/.’ e
o o
®
a) b)

Figure 1 a) Location of the sensor device (S) and ECG electrodes (E) on the chest wall of the female/male
participant. b) The 3D printed device including the accelerometer, measuring 62 x 48 x 14 mm and weigh-
ing 30 grams, with the cable at the top-right.

The SOMNIA study was reviewed by the medical ethical committee of the Maxima Medi-
cal Centre (Eindhoven, the Netherlands. File no: N16.074). All participants provided con-
sent prior to study initiation. The protocol for data analysis was approved by the Medical
Ethical Committee of the Kempenhaeghe hospital and by the Internal Committee of
Biomedical Experiments of Philips Research. A total of 147 participants was included (69
female, 78 male), with ages ranging from 17 to 80 years (mean 46.8, SD 15.9). BMI ranged
from 18 to 42 kg/m” (mean 26, SD 4). The three sleep disorders with the highest preva-
lence among the included individuals were Sleep-Disordered Breathing (71), Insomnia
(58), and Movement Disorders (31). Recording durations ranged from 6.7 to 9.8 h (mean
8.3,5D 0.5).
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3.3.2 Data preprocessing and transformation

Prior to detecting heartbeats, we preprocess the data and transform it into spectral and
temporal representations Ds and Dy, as is shown in Figure 2. First, the three components
of the acceleration signal a are summed and bandpass filtered with cutoff points of 3 Hz
and 25 Hz, such that a one-dimensional SCG signal s is obtained. The 3 Hz cutoff point
is chosen to suppress lower-frequency components such as respiration. The summation
reduces the sensitivity for changes in the orientation of the sensor with respect to the
heart. Even though the instructions in the study prescribe a fixed orientation of the sen-
sor in relation to the chest, in applications in which the sensor does not have a cable, us-
ers may mount the sensor in a different orientation. Especially in free-living applications
where users re-apply the sensor nightly, there can be quite some variation. Furthermore,
the orientation with respect to the heart may vary within a night due to posture changes
and arm movements. Finally, the one-dimensional SCG signal S is used for the spectral
and temporal transformations.

P(6)
Spectral Ds P(D|8)
D Dre- Transform Latent-
process s variable MAP
Temporal | Dr model 6
Transform r

Figure 2 Block diagram of the data processing, with the 3D acceleration signal a, the one-dimensional
SCG signal s, the spectrally transformed data D, the temporally transformed data Dy, the likelihood
P(D |0), the prior P(6), and the MAP estimation O p.

Next to the transformations, the SCG signal s is partitioned into segments. A segment
is an interval defined by consecutive samples for which |s[ < S, With sy, defining a
threshold (empirically set to 0.06 g), such that large motion artifacts and posture changes
are excluded from segments. Heartbeat detection is only performed within segments.
In time intervals external to segments, no heartbeat detection is performed, as motion
artifacts mask any heartbeats. An example of partitioning into segments may be found
in Figure 5a.

The spectral representation Ds comprises local periodicity spectra:
Ds =(8:(r), S2(7),-- 4, )
with the spectrum S;(7’) representing local periodicity as a function of 7/, around a

center time ), = (j — 1) T, with T'= 200 ms. The local periodicity expresses the similar-
ity of two intervals from s as a function of the period time T ', with one interval ranging
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from ¢, — 7 to t, and one interval ranging from ¢, to t, + 7', see Figure 3. Due to the
prominence of the heartbeats in s, high periodicity typically occurs when 7' is equal to
the time distance between the last heartbeat before ¢}, and the first heartbeat after tJ,
(which together constitute an IBI). As a typical IBl is much longer than T', multiple spectra
will have their peak at the same 7. When the periodicity over time is plotted on a gray
scale, as is shown in Figure 4c, IBls will become visible as horizontal bars, with height and
duration equal the IBI.

a) SCG signal s

th—T tm th+T

b) Local periodicity spectrum

660 860 10I00 12I00 14I00 16IOO
T [ms]

Figure 3 The local periodicity spectrum and how it relates to the SCG signal: a) the SCG signal s, with the

interval from ¢, to t}, + v’ overlayed on the interval from t}, — = to tJ, (in dark black), and b) the local

periodicity spectrum, with a peak at v = 1130 ms, being the time distance between the high-amplitude

vibrations (heartbeats) in the first and second intervals.

The temporal representation Dy expresses the locally normalized magnitude of s, with
separate components for the positive and negative parts, see Figure 4d. The normaliza-
tion for each sample 7 is relative to the maximum of the product of the absolute value of
s and a Gaussian window function centered at the sample n, with a standard deviation
of 1.7 s (corresponding to an IBI at a heartrate of 35 beats per minute). If we denominate
the normalized positive component f» and the normalized negative component f», then
we get:

Dr = (f(t), fa()) (2)
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a) Raw acceleration (D)

Acc [mg]

b) Seismocardiography signal (s)
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c) Spectral representation (Ds)
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e) IBIs and localization times (8)
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Figure 4 Waveforms for a full example, from top to bottom: a) the raw acceleration data D (with arbi-
trary offsets for x, y and z), b) the SCG signal s, c) the spectral representation Dg with higher periodicity
in darker shades of grey, d) the temporal representation Dy with the positive and negative components
(fp(t) and f,(t)), e) the latent variable 6 with the IBIs r;, horizontal, at a height equal to the IBl, and the
localization times as dashed lines, and f) the ECG signal.

3.3.3 MAP estimation

Core to our method is a latent-variable model. This describes the stochastic relation be-
tween observed data Ds and Dy, and a latent random variable 6 = (t,,7), describing the
heartbeats with the starting time ¢1 and the IBls 7 = (71, 72,...). The starting time %1 is
the localization time of the first beat and the IBIs are equal to the difference between the
localization times of beats 7 and 7 + 1: 7; = ¢;4.1 — t;. Given knowledge of ¢;, the most
probable value of T can be determined by means of MAP estimation:

7= argmaz, P(7| Dg, Dr, t1), 3)

which can be rewritten by means of Bayes' rule into:

7 = argmaz, P(Dg,Dr | t1, T) P(t | tl), 4

with likelihood P(Dg, Dr | t1, 7) and prior P(7 | t1).
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Computing the likelihood
First, we factorize the likelihood into individual factors for each IBI 2:

P(Ds,Dr | 1) = [I; P(D§, Dy | ti,7i), (5)

with D% and D% the parts of the data in a time interval that is spanned by 7; (from ;
to t; + 7). The approximation uses the assumption that the likelihood of data from t;
tot; + T only depends on the beats i and i + 1, which is reasonable. Next, we model
the likelihood for each IBI as the product of the spectral likelihood P(D% | ¢;, ;) and the
temporal likelihood P(D%. | t;, 7;):

P(Dy, Dy | ti,7;) = P(Dy | tiy7;) P(Dy | ti ), 6)

The temporal likelihood is high for data of which the acceleration has a high magnitude
at the occurrence of a heartbeat. Therefore, we interpret the locally normalized magni-
tude (see equation 2) as the (unnormalized) temporal likelihood:

P(Dp | ti,7;) = erfa(ti), (7)

with c7 a normalizing constant, ¢; the localization time of heartbeat ¢, and fa either fp
or fn, depending on whether we choose to localize beats at the positive or negative
component of s, as we will describe later. Figure 4d shows temporally transformed data
Dr of high likelihood, as the peaks in fn(t) coincide with the heartbeats, that are shown
as dashed lines in Figure 4e.

The spectral likelihood is high for data of which the spectral peaks match with the IBIs,
as is the case in Figure 4c, where the dark horizontal bars (the spectral peaks) match in
height and duration with the IBIs in Figure 4e. To compute the spectral likelihood, we
define D as a subset of spectra with their center times within the interval spanned by IBI
i

Dig = {Su@ () Snipyeneiy (1)}, (8)

with n(i) the index of the first spectrum with " > ¢, and n(i) + N(i) the index of the
last spectrum with t”(l NGO t; + 7i.We interpret the geometric mean of the spectral
values in D as the (unnormalized) spectral likelihood:

P(Dy | ti,7;) = es " TI00 )Sj(Tz" &)

with ¢s a normalizing constant. P(D% |t;, ;) will be high if all S;(") in D% have a high
peakat7 =T;.

Computing the prior
The prior P(7 | t1) in equation (4) is computed for each recording individually, by pre-
inspecting Dy. First, for each of the spectra S;(7'), the values v; of the highest peaks (
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vj =maz_{S,(r ’)}) and the period times p; of the highest peaks (p; = argmaz, {S;(7") }) are
computed. Next, the period times p; of high peaks (v; > v, with vy, experimentally set
t0 0.70), are put in a sequence, which is then median filtered (kernel size = 151) to remove
outliers. The median-filtered period times, p]’», are put in a new sequence (at their original
positions j), and the period times for the positions & for which no sufficiently strong peak
was found (v < vyp), are linearly interpolated. The resulting sequence (p1,ps,---) gives
a period time for each time point tJ,, which are used for the computation of the prior. The
prior is then computed as follows:

P(r|t) =1, P(ti, 73), (10)
in which each factor P(7;) follows a Gaussian distribution with mean p; and standard
deviation o:

1( Tk
1,2\
P(t, ) = e HF) an

The mean p; is the geometric mean over the periods p; with j from n(i) ton(i) + N(3), as
in equation (9), and o is the standard deviation of the period times p;.

Finding the maximum
With (5), (6), and (10), the expression for the MAP estimate T (5) can be rewritten as fol-
lows:

7 =argmaz, ][, P(D% | ti,Ti) P(ng \ ti,Ti) P(ti,Ti)' (12)

in which the expressions for the factors in the right-hand side are given by equations (7),
(9),and (11).

As there may be many heartbeats in one recording (typically ~30.000), finding the maxi-
mum becomes intractable. Fortunately, the problem can be reformulated into a Markov
Decision Process, which breaks down the problem into steps. In each step, a current
localization time t; is advanced to a next localization time ;41 (with i1 = t; + 75) by
deciding for a value of 7;. In each step, a reward R(¢;, 7;) is obtained, equal to the log of
the corresponding factor in (12):

R(ti, ) = log{ P(D% | tiy7;) P(DY | tiy;) P(ti,7;)}. (13)
The value V(t;) of a localization time ¢; is the maximum of the sum of rewards that may
be obtained from t; onwards:
V(t:) = maz.{ R(t;, 1) + V(t; +715)}, (14)

with V/(¢; + 7;) = V/(ti+1), such that (14) is recursive. Equation (14) is known as the Bell-
man Equation® and provides guidance on decisions for 7; such that an optimal solution
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for equation (12) is found. During each step, the process aims to decide for a value of T;
that maximizes V (¢;), for which it inspects C 1Bl candidates, being the 7; for the C highest
peaks in R(t;,7;). For each IBI candidate, equation (14) is evaluated recursively, up to a
finite horizon, or recursion depth, H.The IBIl candidate T; for which R(t;, ;) + V(¢; + 7:) is
maximal is then selected, after which the localization point is advanced to ¢;.1, until all
data have been processed. We chose C = 3 and H = 8.

The decision process needs a starting point 1. To this end, the data are partitioned into
segments, in which a segment is an interval in which |s| < sy, with 8 the SCG signal and
Sth a threshold (empirically set to 0.06 g). We only process segments with a duration >
15 seconds as in shorter segments the impact of body and sensor settling may be too
prominent. For each segment, a starting point ¢; is searched such that R(¢;, ) is maxi-
mal. This is done for both polarities of the SCG signal, so with fo=Tfpand fa = fn, see
(7). The polarity (p or n) with the highest reward is then chosen and the decision process
commences from t1 in forward direction as described above, and in reverse direction, in a
similar manner, but then with ;1 = t; — 7.

3.3.4 Evaluation

Operating point selection

After estimating the IBIs and localization times, the rewards R(t;, 7;) for each of the beats
(ti, Ti) are compared against a threshold Ry, and beats that have their reward below the
threshold are discarded. The thresholding enables the selection of an operating point;
decreasing R, decreases the number of detected beats and increases the mean poste-
rior probability of the remaining beats.

Synchronization and pairing with ECG beats

We compute the localization times for the ECG signal, through the detection of R-peaks,
using a nonlinear transformation in combination with first-order Gaussian differentia-
tion®’. The IBIs are then computed as the time-differences between the localization times
and IBIs that exceed a threshold Ty, are discarded (we chose T3,=1714 ms, corresponding
to 35 beats per minute).

Using the localization times of the SCG and ECG beats, we synchronize the two acquisi-
tions, globally and locally. The global synchronization aims at reducing overall clock offset
and drift and was performed by minimizing the localization error between all matched
ECG and SCG beats within each recording. An ECG beat and SCG beat become a matched
pair if they are each other’s nearest neighbours in time, and their distance is less than
250 ms. The localization error, with an example shown in Figure 5, may be positive or
negative, and may exhibit jumps (caused by changes in the SCG signal morphology) and
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trends (caused mainly by clock drift). Using a manual procedure, the offset and drift of the
SCG signal are adapted such that the localization error trends disappeared, and the mean
localization error becomes zero (globally).

In addition to the global synchronization, we also performed a local optimization aimed
at estimating a lower limit for the localization error. For each segment within a record-
ing, the timing offset of the SCG signal is adjusted starting from the global clock offset,
until the mean localization error within the segment becomes zero. No drift adjustment is
performed for the local synchronization.

Performance metrics and statistics

For performance on beat detection, localization, and IBI estimation, we synchronize over
segments without body motion as well as over full recordings. For both cases, we com-
pute the same performance metrics. First, we label all beats; ECG and SCG beats that are
in a pair get the label True Positive (TP), ECG beats that are not in a pair get the label False
Negative (FN), and SCG beats that are not in a pair get the label False Positive (FP). From
these labels we compute the metrics Sensitivity = TP / (TP + FN) and Positive Predictive
Value (PPV) = TP / (TP + FP). To get meaningful Sensitivity and PPV metrics, in case of
synchronization over segments, we only consider segments with a duration of at least
5 minutes. In case of synchronization over full recordings, all processed segments are
included and the Sensitivity and PPV are computed over the full recording.

For the TP beats, we further define the IBI error as the difference between the SCG and
the ECG IBIs and the localization error as the difference between the SCG and ECG local-
ization times. Finally, we perform factor analysis for the RMSE IBI error. For the numeric
factors (BMI and Age), we perform Spearman rank correlation, while we perform a Mann-
Whitney U test for the categorical factors (Sex and presence of the three most prevalent
disorders in the study).

For performance of HR and IHR, we synchronize over full recordings. For the IHR, for
both SCG and ECG, a stepwise constant function is computed, with levels equal to the
inverse of the IBIs and level changes at the localization times. The two functions are then
resampled to 10 Hz, after which the error is computed as the difference between the two,
thereby discarding gaps. For the HR, for both SCG and ECG, we take 15-second intervals
over which we compute the HR as the inverse of the average of the IBIs, thereby discard-
ing intervals with less than 5 IBIs. The error is then computed as the difference between
the SCG and ECG HR.

As our method comprises the extension of an existing method * with MAP, we also
compute the results for the existing method (without MAP). Furthermore, we tune the
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operating point of the method with MAP, such that its Sensitivity is close to, but not lower
than that of the method without MAP. We compute the statistics for both methods and
compare them by means of a Wilcoxon signed-rank test. As we have more than one statis-
tic on the same data, we use a Bonferroni-corrected significance level of a/m (a = 0.001,
m = 9) to prevent false discoveries.

3.4Results

The overnight recordings of 147 participants were preprocessed and segmented, and the
median coverage was 79.9% (Q1 = 65.7%, Q3 = 86.2%). This coverage is the combined
result of segmentation, with median coverage of 96.6% (Q1 = 94.7%, Q3 = 97.6%), and
thresholding within each segment, as described in the section on operating point selec-
tion. We obtained performance metrics for the methods with and without MAP, see Table
1. All errors were significantly lower with MAP than without. The median RMS IBI error de-
creased by a factor 2.9 from 25.2 to 8.8 ms (the median IBl was 938 ms). The median RMS
localization error decreased by a factor 1.3 from 73.2 to 58.1 ms. Although significant, this
reduction factor (1.3) is rather limited when compared to the reduction factor for the RMS
IBl error (2.9).

Table 1 1BI, Localization, and Detection results when synchronizing over full recordings, computed
over subjects (N=147).

Without MAP With MAP
Med IQR 95% intv. Med IQR 95% intv. p

1Bl

RMSE [ms] 25.2 18.9-38.5 11.1-270.2 8.8 6.5-13.1 4.3-68.3 <0.001

MAE [ms] 74 59-124 48-1164 4.1 3.2-55 23-156 <0.001
Localization

RMSE [ms] 73.1 58.7-89.0 31.1-139.1 581 395-807 185-1290 <0.001

MAE [ms] 59.4 443-742 21.1-1255 459 29.0-65.9 13.5-115.6 <0.001
Detection

PPV [%] 929  85.6-97.1 69.4-99.3 980 935-993  753-99.9 <0.001

Sensitivity [%] 76.9 67.5-85.1 53.7-94.2 79.3 67.5-86.0 34.2-93.2 -

Figure 5 shows how the offset in the localization error can change within one recording
and explains the limited decrease of the localization error in case of synchronization over
full recordings. Figure 6 shows two short intervals, one from a segment before a posture
change and another from a segment after it. In the first segment, the method localized
on an earlier positive peak in the SCG signal, while it localized to a later negative peak in
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the second. The difference in localization caused a change in the offset of the localization
error, which could not be compensated for when synchronizing over full recordings.

Table 2 Localization and Detection results when synchronizing over segments, pooled over seg-
ments (N=3339).

Without MAP With MAP
Med IQR 95% intv. Med IQR 95% intv. P
IBI
RMSE [ms] 15.8 8.1-31.0 5.0-114.4 5.6 3.8-9.7 24-65.6 <0.001
MAE [ms] 6.1 49-9.6 4.1-51.1 3.5 2.7-51 1.9-21.8 <0.001
Localization
RMSE [ms] 44.6 248-70.8 8.6-132.7 7.9 44-24.6 2.7-109.6 <0.001
MAE [ms] 304 11.7-555 5.7-120.7 4.7 3.2-115 2.1-974 < 0.001
Detection
PPV [%] 98.4 91.9-99.7 40.3-100.0 100.0 99.7-100.0 41.7-100.0 < 0.001
Sensitivity [%] 87.4 72.7-95.0 30.0-99.1 88.9 76.3-95.2 7.4-989 -
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Figure 5 Segments and localization errors. a) The raw acceleration signals for a full recording. The signals
are coloured within segments and greyed outside of segments. A total of 70 segments is present with a
mean duration of 443 seconds, covering 97.4% of the recording time. b) The localization errors for syn-
chronization of SCG and ECG over the whole recording (global sync) and over segments (local sync). The
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markers A and B are timepoints before and after a change in sleeping posture from left to right, and they
are detailed further in Figure 6. c¢) The raw acceleration zoomed in around the posture change between
A and B (at t= 03:04:00).

a) point A, t=02:45 (pos=Left) b) point B, t=03:15 (pos=Right)

ECG

SCG
SCG

Figure 6 ECG, SCG and beat localizations for timepoints A and B from Figure 5, after global synchroniza-
tion (LE = localization error, pos = sleeping posture). The top graphs show the ECG signal with localized
R-peaks. The bottom graphs show the SCG signals with localized heartbeats. The dashed arrows show
the localization error. As the morphology of the SCG signal changes, the beat detection algorithm local-
izes at two different points in the cardiac cycle:at t= 02:45 it localizes at an early positive peak of the SCG
signal, while at t= 03:15 it localizes at a later negative peak. As a result, the localization error jumps from
negative to positive.

When synchronizing over segments, on the other hand, the offset in the localization error
could be compensated for, and the median RMS localization error decreased from 58.1
ms (as in Table 1, with MAP) to 7.90 ms (as in Table 2, with MAP). This decrease shows that
the higher localization error in table | was only due to changes in offset and that the MAP
method consistently localizes at the same point (phase) in the cardiac cycle. Again, all er-
rors were significantly lower with MAP than without. The IBI localization error decreased
by a factor 2.8 from 15.8 to 5.6 ms, while the RMS localization error decreased by a factor
5.6 from 44.6 ms to 7.9 ms. As only segments longer than 5 minutes were included in
Table II, the coverage was 77.9% (Q1 = 67.0%, Q3 = 84.9%).

The IBI error for the method with MAP, when aggregated over all recordings (N=3.5-10°
beats), had 95% limits of agreement of -10.6 and 11.1 ms, while the quantiles Q1, Q2,
and Q3 were -2.8, 0.0, and 2.8 ms respectively. Mean coverage was 74.6%, over 1236.8
recorded hours.

We investigated the influence of various factors on the performance. The RMS IBI error
increased (p < 0.001) due to the presence of sleep-disordered breathing (median from
5.2 to 6.2 ms, +19%), movement disorders (median from 5.4 to 6.4 ms, +19%), and sex
(median in males 5.4 ms, median in females 5.9 ms, +9%). Furthermore, positive rank
correlations for the RMS IBI error (p < 0.001) were found for BMI (0.12) and age (0.22).
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These numbers relate to the method with MAP in combination with synchronization over
segments.

We computed the derived metrics IHR and HR, of which Bland-Altman density plots are
shown in Figure 7. For the method with MAP, the median error and 95% limits of agree-
ment were 0.00, -1.20 and 1.25 bpm for the IHR and 0.00, -1.65 and 1.03 bpm for the HR.
If we define a measurement as being accurate if it is within a range around the reference
of either +5 bpm or £10% (whichever is larger), then 98.8% of the IHR measurements
and 100.0% of the HR measurements were accurate. These percentages were obtained at
median coverages of 80.2% and 79.7% respectively. The Spearman correlation coefficient
was 0.992 for the IHR (p < 0.001) and 0.997 for the HR (p < 0.001).

IHR HR
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Figure 7 Bland-Altman density plots for IHR and HR (method with MAP). The red lines show the 95% limits
of agreement. Density cutoff levels are 300 (IHR, N=4.5-106 beats) and 8 (HR, N=3-105 intervals).

3.5Discussion

We evaluated heartbeat detection from a chest-worn accelerometer in a set of 147
overnight recordings among a diverse population with a variety of sleep disorders. We
determined performance for the primary metrics beat detection, beat localization, and
IBl estimation, and for the derived metrics HR and IHR. IBl estimation was accurate with an
MAE of 3.5 ms, which is less than the sampling period of the SCG signal (4.0 ms) and less
than 0.5% of the median IBI time (938 ms). For the derived metrics IHR and HR, we found
that 98.8% and 100.0% of all measurements were accurate according to the American
National Standard “Cardiac monitors, heart rate meters, and alarms”*°. It should be noted
that these percentages were obtained over the covered parts of the recordings (median
around 80%).

We have found that adding MAP to the detection method significantly improved the
performance. Without reducing sensitivity, the RMS IBI error decreased by a factor 2.8,
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while the RMS localization error decreased by a factor of 5.6. A possible reason for the
improvement is the larger scope of the algorithm; when estimating one IBI (in the Markov
Decision Process), all data up to 8 IBIs ahead contribute to the choice for that single IBI.

Table 3 compares our results with other studies on seismocardiography, which reported
IBI performance. It should be emphasized that a direct benchmark is not possible, since
studies used different protocols, and ultimately, different measuring setups, accelerom-
eters and even performance metrics, so this serves merely as a high-level comparison.
Our study shows that it is possible to achieve a high level of accuracy in I1BI, HR and IHR es-
timation also on longer recordings, including changes of posture and body movements,
achieving errors at least comparable with the best studies reported even if those were
obtained in shorter recordings with subjects laying still in fixed postures (mostly supine).

Table 3 Comparison of results against other studies.

Year Study Sensor N Dur  Posture Results Method
IBIMAE =6.10 Hidden Markov
A 2017 ® A 66 1min  Supi
c min-SUPINE 4/~ 3189ms  model
HRLoA=-5.06to  Autocorrelated dif-
B 2019 7 IMU 25 7min  Supi
min - Supine 5.66 bpm ferential algorithm
50 .
20 min Suplne IBI RMSE = 4.2 ms Automatic tem-
c 2020 * Acc . plate calibration
ting i i
13 4min o9 B RMSE=6.2ms  and matching
chair
Gyroscope at . . Envelope based
92 ~
D 2021 head 19 5min Supine HR MAE = 2.5 bpm (Hilbert transform)
4 HR LoA =-19.
E 2021 % Acc 30 0 All 0 93to Envelope based
min 17.8 bpm
LoA=-26.43to Envelope based
F 2023 ¥ IMU 21 2min  Supi
min upine 26.43 ms (Hilbert transform)
IBIRMSE = 5.6 ms
IBI MAE = 3.5 ms
LoA:
. -1BI:-10.6 to 11.1 .
G 2023 This Acc 147 83 All ms !\./la>.(|mu.m a .poste—
study hrs “HR:-16t0 1.0 riori estimation
bpm
-IHR:-1.2t0 1.3
bpm

As for the localization error, we found that it was substantially higher when the syn-
chronization was performed over whole recordings (MAE = 45.9 ms, Table 1), than over
segments without body movements (MAE = 4.7 ms, Table 2). The body movements, and
perhaps more importantly, posture changes, cause the MAP search algorithm to use dif-
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ferent localization points in the cardiac cycle. These cause a change in the offset in the
localization error, which is removed by synchronization within a stable posture period. In
these intervals, the algorithm consistently assigns localization points to the same pointin
the cardiac cycle, achieving a relatively small localization error. Note that these intervals
were detected by the algorithm itself from the acceleration data, without manual annota-
tions of any kind.

The influence of demographics and sleep disorder prevalence on the performance was
limited. Spearman correlation coefficients for age and BMI were only 0.22 and 0.12, while
the largest increase in RMS IBI error was due to the occurrence of sleep- disordered
breathing (from 5.2 to 6.2 ms, +19%), such that still a high level could be maintained. Only
a small increase (+9%) in 1Bl error was found for female over male participants. This shows
that the method is robust against body movements and posture changes but also against
the presence of sleep disorders and different demographic factors, such as gender.

As stated, the MAP estimation was beneficial for the robustness and accuracy of the
method. The probabilistic approach with the latent variable model, Bayes' rule, and the
MAP estimation, provided a structured framework for estimation. Separate models could
be created for the likelihood and the prior, and the product of the two automatically
yielded an objective function. The chain rule of probability allowed for the reformula-
tion of the MAP problem into a Markov Decision Process problem, of which an optimum
solution is described by the Bellman Equation. The optimum can be approximated by a
tree-search algorithm, of which the width and depth can be adjusted to trade accuracy
against run time.

A limitation of this study is that subjects with prior diagnosis of cardiac rhythm disorders,
most notably atrial fibrillation, were excluded from the study. Especially during sleep
monitoring, atrial fibrillation is highly prevalent among patients with sleep-disordered
breathing®. During cardiac arrhythmias, local periodicity, upon which the method relies,
may be absent and therefore results may be worse. Future work should include patients
with cardiac arrhythmias and annotation of cardiac rhythms should be made, such that
performance under such conditions can be investigated. Another limitation is that the
computation of the prior was done by inspection of the full recording; we did not inves-
tigate the effect of a constrained look-ahead, which is required for low-latency applica-
tions. Furthermore, the Markov Decision Process may be improved; instead of exhaustive
search, dynamic programming or reinforcement learning may be applied. Finally, further
research may be conducted in the mapping of the three accelerometer axes into the
one-dimensional SCG signal. The summation that we used in the present study, reduces
sensitivity to changes in the orientation of the sensor with respect to the heart and main-
tains periodicity, as any linear combination of signals with period T is also periodic with
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T. However, noise may not be uniformly distributed over the axes, so alternative methods
may be evaluated in future work, such as a vector sum which may increase SNR while
preserving amplitude periodicity.

The possibility to accurately and robustly estimate HR and IHR, as presented in this paper,
together with our earlier published work on respiration®"**
applications to work with a single sensor. The sensor can be small and only needs me-
chanical attachment at a single point on the chest, without the need for skin contact. One
example of such an application is the detection of patient deterioration using respiration
rate and HR*. Another application may be in positional therapy devices for obstructive
sleep apnea, which use a chest worn tactile feedback system to entrain the patient to
avoid supine sleeping, thereby reducing the apnea burden®. The addition of our method
may enable the estimation of residual apnea burden, quantified in the form of the apnea-
hypopnea index by using IBls and respiratory effort from an accelerometer in the therapy
device itself .

, may enable cardio-respiratory

In conclusion, we propose a method that detects heartbeats from a chest-worn acceler-
ometer, demonstrating robustness and high accuracy during overnight recordings with
unrestricted postures and body movements, in a diverse population and in the presence
of disorders. This enables applications, that directly measure respiration, to monitor car-
diac activity robustly and accurately without the need for an additional sensor.
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4.1 Abstract

Overnight sleep staging is an important part of the diagnosis of various sleep disorders.
Polysomnography is the gold standard for sleep staging, but less-obtrusive sensing
modalities are of emerging interest. Here, we developed and validated an algorithm
to perform “proxy” sleep staging using cardiac and respiratory signals derived from a
chest-worn accelerometer. We collected data in two sleep centres, using a chest-worn
accelerometer in combination with full PSG. A total of 323 participants were analysed,
aged 13-83 years, with BMI 18-47 kg/m2. We derived cardiac and respiratory features
from the accelerometer and then applied a previously developed method for automatic
cardio-respiratory sleep staging. We compared the estimated sleep stages against those
derived from PSG and determined performance. Epoch-by-epoch agreement with four-
class scoring (Wake, REM, N1+N2, N3) reached a Cohen’s kappa coefficient of agreement
of 0.68 and an accuracy of 80.8%. For Wake vs. Sleep classification, an accuracy of 93.3%
was obtained, with a sensitivity of 78.7% and a specificity of 96.6%. We showed that car-
diorespiratory signals obtained from a chest-worn accelerometer can be used to estimate
sleep stages among a population that is diverse in age, BMI, and prevalence of sleep
disorders. This opens the path towards various clinical applications in sleep medicine.
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4.2 Introduction

Assessing overnight sleep structure is a cornerstone of the somnological diagnostic
process and is an important step in the diagnosis of various sleep disorders. The gold
standard for the scoring of sleep stages uses the rules of the American Academy of
Sleep Medicine (AASM) and is based on neurological signals measured during polysom-
nography (PSG), specifically electroencephalography (EEG), electrooculography (EOG)
and electromyography (EMG)®. Sleep stages encompass “light sleep” (stage N1 and N2),
“deep sleep” (slow wave sleep, stage N3) and REM sleep. The occurrence of sleep stages
overnight is typically plotted in a hypnogram to visualize sleep structure. Furthermore,
derived metrics such as total sleep time (TST) or sleep efficiency are often some of the
diagnostic indicators describing the burden or effect of a sleep disorder. One important
example is the Apnea-Hypopnea Index (AHI) as a severity estimator for obstructive sleep
apnea (OSA). The AHI is defined as the number of apnea and hypopnea events per hour
of sleep. As such, estimation of total sleep time is crucial for a proper determination of the
AHI. The absence of sleep staging (e.g., in reduced montage polygraphy) forces the use
of total recording time instead of TST and leads to an associated underestimation of the
AHIZ

PSG may be conducted in a clinic or at home but is often restricted to a single night
because of its obtrusiveness and associated handling costs. PSG is therefore impractical
for the long-term monitoring of sleep at home. Furthermore, to determine the efficacy
of a sleep-related therapy, prolonged measurements are required as well. To enable such
measurements, alternatives to PSG have been studied over the past decade. One ap-
proach uses EEG measurements with a reduced number of electrodes, which can be
self-attached®®*. In other, increasingly popular approaches, sleep staging is performed
without EEG, but with the measurement of cardiac and/or respiratory activity instead.
These exploit the increasingly well-understood link between autonomic nervous system
activity and sleep stages'®'%. For example, heart rate decreases during deeper non-REM
sleep stages (N2-N3), while REM is a period of autonomic instability, with heart rate vari-
ability reflecting the constant change in balance between sympathetic and parasympa-
thetic tone. Comparably, respiration becomes more regular in non-REM stages and less

40,62,103

regular during REM sleep

With advances in machine learning it has become possible to exploit these variations
in cardiac and respiratory signals for the estimation of sleep stages. Cardiorespiratory
signals thus act as a “surrogate”, as opposed to the neurological signals that are the formal
foundation for sleep staging'®. In a recent review, researchers show that approaches
based on the simultaneous use of cardiac and respiratory signals tend to achieve the most
accurate results'”. Note that, as differences between sleep stages may be less apparent
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in cardiorespiratory signals, classification is often performed with a reduced number of
stages, for example Wake/REM/Non-REM (3-class), or Wake/REM/N1+N2/N3 (4-class). The
CardioRespiratory Sleep Staging (CReSS) algorithm uses both cardiac and respiratory sig-
nals to perform 4-class staging. CReSS was validated using 296 overnight PSG recordings
and a substantial agreement was found between sleep stages derived from the AASM-
recommended signals for sleep staging (EEG, EOG, EMG) and those derived from only the
cardiorespiratory signals in the PSG®.

Recent advances in wearable cardiorespiratory sensors, for example based on photople-
thysmography (PPG), but also low-power and low-noise accelerometers, enable new
approaches to longitudinal and minimally obtrusive measurement of sleep in general,
and sleep staging in particular'®
plethora of sleep trackers, that to some degree, allow for the assessment of sleep-wake
patterns in healthy individuals'”'®. Further developments in artificial intelligence, in
combination with the availability of clinical datasets that combine PSG with new sen-
sors, have led to substantial performance improvements, also in simplified sleep staging

. These developments have been the driver behind a

tasks. In one study for example, the use of heart rate variability derived from wrist PPG, in
combination with actigraphy derived from wrist accelerometry, enabled sleep staging in

a clinical population'®.

Another interesting sensing modality in this setting is chest-worn accelerometry. These
sensors are typically very small, consume little power, and can be integrated in devices
that are worn on the chest anyway, such as monitoring patches and therapy devices for
positional obstructive sleep apnea®'". In addition, such a device only requires a mechan-
ical coupling with the chest at a single point, without the need for direct skin contact,
so that it can be worn in or over clothing and does not depend on galvanic or optical
contact properties.

Recent studies have shown that cardio-respiratory metrics can be accurately and robustly
derived from a chest-worn accelerometer. By measuring small changes in the orientation
of a chest-worn accelerometer, and processing these with a deep neural network, respira-
tory effort can be estimated®'. Cardiac activity can be measured by a method that uses
tiny vibrations in the chest wall, in combination with maximum a-posteriori estimation to

localize heartbeats and to estimate inter-beat intervals (IBIs)'"".

The objective of this study is to investigate whether sleep stages and associated sleep
metrics can be accurately estimated from a chest-worn accelerometer, leveraging the
recently developed methods for estimation of cardiac and respiratory activity from this
sensor, in combination with established methods for cardiorespiratory sleep staging®.
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4.3 Methods

4.3.1 Data collection

Data were collected in two sleep centres, from participants undergoing full overnight PSG,
as part of a routine investigation because of a suspected sleep disorder. Simultaneous
with the PSG, a triaxial accelerometer device (ADXL355, Analog Devices, Wilmington MA,
USA) was mounted in a housing measuring (62 x 48 x 11 mm) on the thoracic respiratory
band, approximately 50 mm left of the sternum. The three channels of the accelerometer
(x, y, and z) were sampled and recorded at 250 Hz.

The first centre (KH) was the Sleep Medicine Centre Kempenhaeghe, Heeze, the Neth-
erlands. Data collection was part of the SOMNIA project, reviewed by the Medical
Ethical Committee of the Maxima Medical Centre (Eindhoven, the Netherlands. File no:
N16.074)%, The second centre (OLVG) was the Sleep Center of the OLVG Hospital in Am-
sterdam, the Netherlands. The study protocol was reviewed and approved by the local
scientific advice committee of OLVG (Amsterdam, The Netherlands. File no: WO 20.134).
Both protocols were approved by the Internal Committee of Biomedical Experiments
of Philips Research. Recruitment was among participants scheduled for overnight PSG
as part of the standard diagnostic process. Participants undergoing CPAP titration, with
intellectual disabilities, or with an earlier diagnosis of atrial fibrillation were excluded. All
participants provided consent prior to study initiation. In OLVG, 10% of the recordings
were made in the clinic, with in-lab PSG, while the remaining 90% were made at home,
with ambulatory PSG. All sensors, including the accelerometer device, were mounted by
the clinical staff in the hospital, also for the ambulatory recordings.

4.3.2 Data preprocessing

After each nightly recording, data from the accelerometer device and from the PSG were
downloaded. As the accelerometer and the PSG signals were recorded with two differ-
ent devices, the clocks of the two signals needed to be synchronized before sleep stages
could be compared. To synchronize, time series with IBls were derived from the PSG and
from the accelerometer signal. For the PSG, R-peaks were localized in the ECG signal, by
means of a non-linear transformation in combination with first-order Gaussian differ-
entiation®. IBls were derived from the R-peaks by computing the time differences. For
the accelerometer signal, the recently developed method for IBI estimation was used'"".
Clock synchronization was finally achieved by using the PSG clock as reference, and by
adjusting the rate and offset of the clock of the acceleration signal such that the cross
correlation between the two IBI time series was maximized. To this end, we recomputed
the IBI sequence from the accelerometer signal(ti; IBI:), by retiming it with offset o and
rate r, such that the adjusted IBI sequence became: (o +7ti, IBI;) with i=1...N,t; the
localization time of beat i, and IBI; the time difference between beat i +1 and beat ;.
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We then plotted the IBI sequence derived from the ECG signal of the PSG, together with
the adjusted IBI sequence derived from the accelerometer, using the times given by the
PSG clock on the horizontal axis and the two IBI time series on the vertical axis. In an
iterative way, we manually updated o and r until visually an optimal alignment between
the time series was achieved, corresponding to maximum cross correlation. As both the
PSG system and the accelerometer device used crystal clocks, the rate » was always very
close to 1.0.

For the scoring of reference sleep stages, we employed Somnolyzer, an automatic sleep
staging method that takes PSG signals as input and combines deep Convolutional Neural
Networks with Long-Short Term Memory units to predict sleep stages for each 30-second
epoch''"*, Somnolyzer was validated in multiple studies, against up to 12 different scor-
ers from up to 6 different centres and reached a Cohen’s kappa coefficient of agreement
(kappa) versus consensus scoring of 0.79, i.e. levels of agreement comparable to human

interrater reliability'"*.

4.3.3 Sleep stage estimation

Sleep stages were estimated using the 3D accelerometer as outlined in the block diagram
in Figure 1. In a first stage, respiratory effort, heartbeats, and activity counts were derived,
which were subsequently processed and offered as inputs to the sleep stage classifier.
Examples of the waveforms during the various stages of processing are shown in Figure
2.

Heartbeat Conversion
) a) Detection to IHR Predicted
i ! Bl . Sleep
3D ! H Card|o- stages
Accelerometer Respiratory Effort H ! e) Respiratory
Estimation " ! Sleep Staging >
! .. 1 CReSS
! Mixing ( )
1
Activity Counting *

Figure 1 Block diagram of the sleep staging algorithm. Blocks depict algorithmic steps, while arrows carry
the signals. The dashed lines with labels refer to the signals in Figure 2. Heartbeats, respiratory effort, and
activity counts are derived from the 3D accelerometer signal (a). The instantaneous heart rate (IHR, b) is
derived from the heartbeats. The respiratory effort (c) and activity counts (d) are mixed to obtain a signal
(e), which combines respiratory effort with body motion. Finally, sleep stages are derived by means of
cardio-respiratory sleep staging.
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Figure 2 Waveforms when estimating sleep stages from the accelerometer. a) The acceleration compo-
nents x, y and z (with arbitrary offsets for better visibility), with respiration as slow variations, heartbeats
as small peaks, and body movement at t= 03:35:40. b) The instantaneous heart rate (IHR) in beats per
minute, with a gap at the time of motion. c) The estimated respiratory effort (continuing during motion).
d) The activity counts, with a high amplitude at the time of motion. e) The respiratory signal, with body
movements mixed in.

For heartbeat detection, we used a recently published method'"", which first reduced
the dimension of the acceleration signal from 3 to 1 by performing a simple arithmetic
addition of the channels. Next, using maximum a posteriori (MAP) estimation, it local-
ized heartbeats and estimated IBls, such that heartbeat localization times coincided with
points of maximum acceleration (the small peaks in Figure 2a) and the IBls matched local
periodicity (the time difference between the small peaks). Instantaneous heart rate (IHR)
was then computed based on the IBI to the next beat 71HR; = 60/IBI;. Subsequently, the
IHR signal was upsampled, with sample-and-hold, to 10 Hz. As a result, we got a signal
that was constant in between heartbeat localization times and that potentially changed
at heartbeats, see Figure 2b. Using the signal quality self-assessment, which is part of the
algorithm'"", estimations during periods of low signal quality were removed, as was the
case at the motion artifact in Figure 1a, which resulted in a gap in the IHR in Figure 1b, at
t=03:35:45.
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To obtain the respiratory effort signal, we used a previously published method® which
estimated respiration using the slower variations in the acceleration signal (Figure 2a). It
first filtered and decimated the 3D acceleration components x, y and z to 10 Hz and then
transformed these into an orientation signal, comprising two horizontal components (
hi, k), and a vertical component (v). The components (k1, h2) may be interpreted as the
coordinates of the bubble in a 2D (planar) spirit level and represent the orientation of
the sensor, which follows a pattern that represents the respiratory cycle. A convolutional
neural network, which was trained on a separate data set (that was not used in the pres-
ent study), estimated a respiratory signal that resembles the signal that, in the absence
of body movements, resembles the signal that is otherwise acquired by a thoracic band
(Figure 2c).

In respiratory effort signals, measured with recommended sensors such as thoracic belts,
body movement artifacts are inevitably present. CReSS was trained on these signals
and therefore relies on such artifacts to be present as well. The respiratory effort neural
network is very accurate in the estimation of respiration in the absence of movement
artifacts, and during periods of movement it tends to produce a relatively clean signal,
unlike traditional sensors. An example is the body movement artifact at t=03:35:45
in Figure 2a, where the respiratory effort signal (in Figure 2c) continues without much
disturbance. To avoid having to retrain CReSS, we aimed at mimicking body movement
artifacts, such that the respiratory effort signal better resembles traditional sensors.
Towards this end we estimate gross body movements, quantified with so-called “activ-
ity counts” The body movements were estimated each second, using the acceleration
signal over the last second, by removing the mean for each of the components (x, y and
z), by taking the absolute value, and by summing over all samples and components:
Act = LN lz; - 5‘ + 5N i - 5‘ ++3Y , with Act the activity counts, and
N the number of samples per second. The resulting signal (Figure 2d) was scaled and
upsampled to 10 Hz, after which it was mixed with the respiratory signal to obtain an
actigraphy-modified respiratory effort signal ResAct. Mixing was performed by multiply-
ing the respiratory effort signal Res by the activity counts Act, after offsetting the latter by

Zi— Z

1.0 to avoid attenuation: ResAct = (1.0 + Act) * Res, With Res, Act, and ResAct, as in Figure
2c¢,dande.

Sleep stage estimation was finally achieved with CReSS, presented in earlier work .
CReSS was designed to be device agnostic and work with respiratory signals (airflow,
respiratory effort, or a combination of the two) and instantaneous heart rate inputs.
CReSS uses different branches of deep convolutional networks to extract high-level fea-
tures from both cardiac and respiratory signals. The feature vectors from the individual
branches are merged to create a 192-element high-level cardiorespiratory feature vector
for each 30-second epoch. Finally, 3 layers of bidirectional Long-Short Term Memory units
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introduce global context from the entire recording and a fully connected dense layer as-
signs probabilities for the stages Wake, REM, Light Sleep (N1+N2), and Deep Sleep (N3),
from which the stage with the highest probability is then selected.

4.3.4 Performance evaluation

Sleep stage estimation was evaluated in terms of epoch-per-epoch agreement with the
reference sleep stages, using accuracy and Cohen’s kappa coefficient of agreement. We
computed agreement for classification of four classes (Wake/N1+N2/N3/REM), three
classes (Wake/NREM/REM; obtained by merging N1+N2 and N3 in a single non-REM or
NREM class) and for a binary classification of each of the four classes against the rest
(Wake vs. combined N1+N2, N3 and REM, etc.). In addition, we computed the confusion
matrix from which we derived sensitivity, specificity, and positive predictive value (PPV)
for the binary classification tasks.

Furthermore, we evaluated the estimations of sleep metrics by calculating the total sleep
time, sleep efficiency, sleep latency, and time in each stage from the sleep stages esti-
mated from the accelerometer, and from the PSG.

Finally, we evaluated the impact of different factors on sleep staging performance, by
assessing sleep stage agreement, using a Mann-Whitney U test across gender, presence
of each sleep disorder. For age and BMI, we performed a Spearman’s rank correlation on
kappa. Finally, we used a Benjamini-Hochberg correction with an acceptable false discov-
ery rate of 5%, to prevent false discoveries.

4.4 Results

PSG and accelerometer data were collected for a total of 323 participants (Table 1). Sleep
disorders were diagnosed following standard clinical practice in each study, according to
the criteria of the international classification of sleep disorders (ICSD-3) °. The most preva-
lent sleep disorders were sleep-disordered breathing (SDB, N=175, 54%) and insomnia
(N=76, 24%).

Table 1 Study demographics. Entries are given with standard deviation () and ranges ([low-high]).

Dataset N Female Age' (years) BMI' (kg/m?)
KH 195 77 (39%) 52+ 17[13-83] 26 +4(19-37)
OoLvG 128 41 (32%) 46 +£13[21-78] 28 + 5[19-47]

KH+OLVG 323 118 (37%) 50+ 15[13-83] 28 £4[19-47]
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Sleep stages were derived from PSG and from the accelerometer. Table 2 gives the per-
formance of sleep stage classification for each task, with the inter-quartile ranges (if not
normally distributed) or the standard deviations (if normally distributed). The sample
statistics are calculated across the performance per participant (N=323). We found a me-
dian four-class (Wake/N1+N2/N3/REM) kappa of 0.678 and a median three-class (Wake/
NREM/REM) k of 0.745. As expected, the three-class kappa was higher because confusion
between N1+N2 and N3 is removed when merging these two into the (single) NREM
class. For the binary classification task Wake versus Sleep (Wake detection), we found a
median k of 0.723, a median sensitivity of 78.7%, and a median specificity of 96.6%, which
is in line with the last row of the confusion matrix (Table 3), which shows that 20.9% of the
Wake epochs are classified as N1+N2, 0.4% as N3, and 2.8% as REM. Confusion between
REM, Wake and N3 is all < 5%, confusion > 5% is always in relation to N1+N2.

Table 2 Results for sleep stage agreement.

o eas s 3 (0, o . 3 (0, 1.3 (0,
Task Cohenas Accuracy’ (%) Sensitivity’ (%) Specificity’ (%) PPV'*(%)
kappa
0.678 80.8
Wake/N1+N2/N3/REM {0.577,0.749} (756, 84.6}
0.745 87.5
Wake/NREM/REM {0.650,0.808)  {83.1,90.6}
NT4N2? 0.617 81.8 854 79.1 82.6
{0.510, 0.699} {77.2,85.3} {80.2,90.4} {70.0, 85.1} {76.8, 88.7}
N3? 0.645 93.6 66.3 97.6 65.3
{0.363, 0.769} {91.1,95.7} +274 {94.5, 99.4} +323
REM? 0.779 94.8 76.8 97.9 78.0
{0.641,0.861} {92.1,96.7} +21.1 {95.7,99.1} +239
Wake? (vs. Sleep) 0.723 933 78.7 96.6 81.1
’ P {0.609, 0.804} {89.7, 95.4} {66.2, 88.3} {93.9,98.1} {68.4, 90.0}

"PPV = Positive Predictive Value. * Binary classification tasks were evaluated in a one vs. rest strategy,
where one single class (e.g., Wake, REM, etc.) was considered the “positive” class, and the remaining were
aggregated in a single “negative” class. * Entries are given as mean with standard deviation () if nor-
mally distributed else as median with first quartile and third quartile ({Q1, Q3j).

Table 3 Confusion matrix for four-class sleep staging.

Prediction —

Reference | N1+N2 N3 REM Wake

N1+N2 144578 (84.2%) 10334 (6.0%) 6558 (3.8%) 10150 (5.9%)
N3 10943 (33.6%) 21238 (65.2%) 271 (0.8%) 126 (0.4%)
REM 9744 (20.7%) 45 (0.1%) 36395 (77.1%) 1001 (2.1%)
Wake 14009 (20.9%) 293 (0.4%) 1865 (2.8%) 50898 (75.9%)

Confusion is over all epochs and all participants (N=318,448). Percentages are the number of epochs of
the predicted class relative to those of the reference class.
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Note that Table 3 gives numbers over all epochs of all participants, while Table 2 gives the
means and quartiles over performance statistics computed for each participant individu-
ally. Therefore, the sensitivities, specificities and PPV values in Table 2 are not the exactly
equal to the ones that may be derived from Table 3.

Figure 3 illustrates three examples of sleep stage classifications, chosen as the recordings
with the four-class k closest to the first quartile (x = 0.579), to the median (k = 0.678),
and to the third quartile (k = 0.748). Furthermore, and beyond the k metric, intervals of
occurrence often match; if we define a REM interval as the longest possible interval in
which REM occurs, without it being interrupted by more than M epochs, then we find
four REM intervals in the reference in Figure 3a (M=20). We also find four REM intervals in
the estimation in Figure 3a, and we find that these intervals overlap with the reference.
Similarly, we find four N3 intervals in the reference of Figure 3¢, with four overlapping N3
intervals in the estimation. However, occurrences do not always match, as may be found
in Figure 3b, where four REM intervals match, but where the first REM interval in the refer-
ence (t = 22:30) has no matching REM interval in the estimation.

a) Kappa=0.579
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Figure 3 Reference and estimated hypnograms for three recordings. a) near the first quantile (k = 0.579),
b) near the median (k = 0.678), and c) near the third quantile (k = 0.748).
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Table 4 gives the performance of the estimation of sleep metrics, with the interquartile
ranges for the reference value and for the estimation error in between curly brackets.
Furthermore, the 95% Limits of agreement are given in the rightmost column. The total
sleep time was overestimated with a median error of 2.5 minutes, with first and third
quartiles at -9.5 and +17.0 minutes, and 95% limits of agreement at -51.0 and +107.7
minutes. The third quartile and upper limit of agreement having higher magnitudes than
the first quartile and lower limit of agreement, is in line with the confusion matrix in Table
3. Relatively many wake epochs were scored as sleep (20.9% N1+N2, 0.4% N3, 2.8% REM,
bottom row), while relatively few sleep epochs were scored as wake (5.9% N1+N2, 0.4%
N3, 2.1% REM, rightmost column). For the sleep efficiency, we found a median error of
0.5%, with first and third quartiles at -2.0 and +3.0%, and 95% limits of agreement at-10.9
and +21.1%.

Regarding the influence of factors on the epoch-by-epoch agreement (k), and after appli-
cation of the Benjamini-Hochberg correction for false discoveries (FDR < 0.05), we found
a significant influence of age. Spearman’s rank correlation was -0.195, hence yielding
better performance for younger participants. We did not find significant influences of the
presence of SDB and insomnia, which were the two most prevalent disorders in our study
(54.2% and 23.5%).

Table 4 Sleep statistics.

Statistic PSG’ Error'? 95% LoA’
Total sleep time (min) 412 {338,454} 2.5{-9.5,17.0} -51.0,107.7
Sleep latency (min) 16 {6, 37} 1.5{-2.5,5.5} -42.8,27.9
Wake after sleep onset (min) 60 {32, 106} -3.0{-16.8, 8.0} -101.5, 45.0
Stage R latency (min) 120 {86, 170} 0.5{-1.5, 3.0} -140.8,131.2
Sleep efficiency (%) 83 {72, 90} 0.5{-2.0, 3.5} -10.9,21.1
Time in Wake (min) 84 {48, 138} -2.5{-17.0, 9.5} -107.8,50.9
Time in REM (min) 76 {48, 97} -3.5{-15.5,7.5} -53.0,41.3
Time in NT + N2 (min) 274 {229, 308} 10.0 {-16.8, 36.0} -72.5,114.0
Time in N3 (min) 50 {25, 71} -1.5{-19.5, 16.8} -64.5,61.9
Percentage of TST in Wake (%) 20{11, 40} -0.6{-5.9,3.2} -55.7,21.9
Percentage of TST in REM (%) 19{15, 24} -1.2{-4.2,1.9} -13.3,10.0
Percentage of TSTin N1 + N2 (%) 67 {61, 74} 2.1{-43,7.3} -18.1,23.2
Percentage of TST in N3 (%) 13{7,18} -0.6 {-5.6, 4.5} -17.1,17.2

The error is computed as the value derived from the accelerometer minus the value derived from the
scoring of PSG. 2 The 95% limits of agreement (LoA) refer to the error.* Each entry contains the median
followed by the first and third quantile in between curly brackets.
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4.5Discussion

In this study, we evaluated the performance of sleep staging from a chest-worn accel-
erometer among a group of 323 participants with various sleep disorders. Making use
of existing methods for cardio-respiratory sleep staging in combination with estimation
methods for cardiac and respiratory characteristics, we evaluated the performance over
studies in two sleep centers and compared against reference scoring from PSG. For sleep
stage classification we found a kappa for four-class scoring of 0.678, and a kappa of 0.723
for wake (versus sleep) detection, both indicative of “substantial agreement” with PSG ',

To put the performance obtained in our study in perspective, in a systematic review on
methods for cardiorespiratory sleep staging, one can find kappa values ranging from 0.55
to 0.76 (median = 0.55), and accuracies ranging from 58% to 90% (median = 78%) '®. It
should be noted, however, that there are many differences between the reviewed studies
and our work, such as the study populations, the number of sleep stages (the number of
classes), and the way the cardiorespiratory signals were obtained (PSG versus “surrogate”
signals). The algorithm that we used in the present study, CReSS, was validated earlier
among a population of 296 participants with a wide range of SDB severity. Using IHR
derived from ECG or finger-worn PPG, respiratory effort from thoracic belts, and airflow, it
achieved a kappa of 0.643, without significant differences between different SDB severi-
ties ©. These results are like those obtained in the present study, confirming the suitability
of deriving cardiorespiratory inputs from an accelerometer instead.

All confusions > 5% occurred between N1+N2 on the one side, and Wake, REM, and N3
on the other (see Table 3). The CReSS validation study63 provides confusion matrices for
classification using airflow as input, but not specifically with respiratory effort in the
absence of airflow (as is the case here). However, the study reveals that the highest confu-
sion occurs between N1+N2 and the remaining sleep stages Wake, REM, and N3, which
aligns with our findings. A recent review of cardiorespiratory sleep staging methods '®
unfortunately does not describe possible sources of confusion. It remains a topic for
further research whether this is inherent to the intrinsic limitations of cardiorespiratory
sleep staging, and the information is only present in the neurological signals; or if the
confusion is a specific limitation of the chosen algorithm (CReSS).

Relatively many Wake epochs (20.9%, Table 3) were scored as light sleep (N1+N2). This
elevated the upper bound on the 95% limits of agreement for Sleep Efficiency (21,1%,
Table 4). Retraining the cardiorespiratory sleep staging on the accelerometer data, pos-
sibly targeting the accuracy of the total sleep time, may improve this aspect.
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When developing a new sleep staging method, an important choice is how to obtain the
reference ground-truth sleep stages. Most often, these are obtained by a single techni-
cian scoring PSG, according to the rules of the AASM®. To increase scoring reliability, the
AASM has described the rules in detail and regularly issues updates. Despite these efforts,
human interrater reliability remains imperfect, with kappa values reaching about 0.76'"°,
and with the percentage of epochs where all scorers fully agree progressively declining
with an increasing number of scorers, down to 25% with 15 scorers or more'". This effect
can be worse if the data are collected over different centers with staff that have different
levels of experience.

One way to counteract this effect is to obtain a ground truth by having the data scored
by multiple technicians, from accredited sleep centers, all trained to the same version of
the rules. The consensus of these scorers can then be considered a “gold-standard” refer-
ence. However, the associated cost and organizational effort make this approach often
not feasible, especially for larger datasets. In the present study, we addressed this issue by
employing an automatic scoring method trained on the consensus scorings of multiple
experts and widely validated in different external cohorts. Somnolyzer is such a method,
representing the consensus opinion of multiple expert scorers and thereby reducing the
epistemic uncertainty associated with inter-institutional, and scorer-dependent variabil-
ity '"*. Somnolyzer has been cleared by the FDA as a tool for clinical and pharmacological
studies and has been certified by the AASM for sleep staging through their Autoscoring
Certification Program ', a process during which a panel of 9 sleep technicians and 2
physicians assess performance by conducting a detailed review of 100 PSG recordings.

A possible limitation of the approach is that it may overestimate performance of the
accelerometer-based sleep staging method, as there is partial overlap between the
datasets on which Somnolyzer and CReSS have been trained. However, we believe this
bias is limited, as shown by the hold-out validation of both algorithms in completely

independent, external validation datasets'".

Although we use an accelerometer, our method differs from wrist actigraphy. Wrist ac-
tigraphy solely relies on the measurement of body movements, which are used for the
estimation of ‘rough’ parameters like the sleep-wake rhythm or the total time in bed. Wrist
actigraphy detects wake with high sensitivity, but with low specificity, as wakefulness
without motion is easily confused with sleep. A study into the validation of actigraphy
showed a sensitivity of 93% to 99% and a specificity of 37% to 62% in 25 healthy young
adults'"®. Our method also uses body movements but additionally uses small- ampli-
tude accelerations to estimate cardio-respiratory activity. For comparison, our method
detected sleep with a sensitivity of 96.6% and a specificity of 78.7% among a large SDB
population with a wide range of age. For the related sensing modality of ballistocardi-
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ography (where cardiac activity, and possibly respiration, are measured through the
structure on which the body resides), several studies were published. For a small numbers
of healthy participants, by using bed sensors, three-class kappa values were reported of
0.44 (18 participants)''®, 0.55 (17 participants)'*®, 0.63 (17 participants)'*', and 0.74 (5 par-
ticipants)'*. The present method reached a three-class kappa of 0.745 among a diverse
and disordered group of 323 participants.

We found that sleep staging performance was slightly better in younger individuals
(Spearman’s rank correlation coefficient = -0.19). This might be explained by younger
participants having more pronounced heart rate variability, as is known from literature'®.
Notably, we found no significant influences of the presence of SDB and insomnia, which
were the most prevalent sleep disorders in our study. The consistency of performance
due to the presence of SDB is in line with an evaluation of CReSS among a cohort with a

large range of SDB severities®.

There are multiple advantages of performing sleep staging using a chest-worn accel-
erometer. The technology can be integrated into devices that are worn anyway on the
chest during the night. Examples are devices for positional therapy for OSA (also known
as sleep position trainers), and patches for extended Holter monitoring. Unlike most
other technologies for sleep staging our method only needs a single point of mechanical
contact with the human body, without the need for direct skin contact, which avoids the
need for skin preparation (like shaving), avoids skin irritation, and makes the technology
robust against contact deterioration due to for example the drying out of electrodes.

A limitation of this study was that participants with a known history of heart rhythm
disorders were excluded. As atrial fibrillation is often comorbid with obstructive sleep
apnea'”, the use of our method among populations with suspected obstructive sleep
apnea may be problematic. Correlations between sleep stages and heart rate variability
may be masked by the rhythm disorder. Further research may reveal whether this is the
case. Another limitation was that the accelerometer was mounted by clinical staff, at a
defined location on the thoracic band. The influence of self-attachment, as well as the
influence of different sensor locations on the body as a result, could be investigated in a
follow-up study. Finally, CReSS, which was trained on cardio-respiratory signals derived
from ECG and respiratory impedance plethysmography, was taken as-is. As the character-
istics of cardiorespiratory signals derived from chest-wall accelerometry are different, as
was shown in our earlier work on the estimation of respiratory effort from an accelerom-
eter”, further research may be conducted in adapting the sleep staging to these signals,
thereby possibly improving performance further.
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5.1 Abstract

Rationale and Study Objectives - To develop a method for apnea-hypopnea index (AHI) es-
timation using a chest-worn accelerometer, as an approach to obstructive sleep apnea di-
agnosis and long-term monitoring of treatment, for example through positional therapy.

Methods - We developed a method for AHI estimation by combining a cardiorespiratory
sleep staging algorithm with an adapted neural network for detecting respiratory events.
Originally based on electrocardiography and respiratory impedance plethysmography,
the network was retrained using chest-wall accelerometry-based instantaneous heart
rate and respiratory effort. Training and validation were conducted using accelerom-
eter data from 413 participants who underwent concurrent overnight polysomnography
(PSG).

Results - Sleep staging reached substantial agreement with polysomnography, achieving
a Cohen'’s kappa coefficient of agreement of 0.67 for four-class sleep staging (Wake/REM/
N1-N2/N3). AHI was estimated with high reliability, showing an intraclass correlation coef-
ficient of 0.89 (95% Cl: 0.85 to 0.91) when compared to polysomnography-derived values.
Performances were consistent in both supine and non-supine sleeping positions. Positive
likelihood ratios were high (7.5, 12.8, and 153.4 for the mild, moderate, and severe OSA
severity classes, using near-boundary double labelling). Negative likelihood ratios were
low (0.076, 0.244, and 0.139 for the same cases).

Conclusion - AHI can be reliably estimated using chest-wall accelerometry. This approach
may be used in diagnostic tests for OSA but also to assess residual AHI during positional
therapy.
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5.2Introduction

Untreated obstructive sleep apnea (OSA) and its associated poor sleep quality can ad-
versely impact short-term well-being and long-term health'**'*°, The management of OSA
can benefit from continuous monitoring during sleep, focusing on the apnea-hypopnea
index (AHI) which can be used as an indicator of disease severity and as a measurement
of therapy efficacy.>'”

A commonly used OSA therapy is positive airway pressure (PAP). Modern PAP devices
track the AHI on a nightly basis by measuring apnea and hypopnea events derived from

airflow'®

. Given the challenges with PAP therapy compliance, alternative therapies such
as positional therapy (PT) have been developed. PT treats positional obstructive sleep
apnea (pOSA), a condition where patients have a significantly higher OSA severity in the
supine position, and much lower severity in other sleeping positions'”*. High prevalence
rates of pOSA have been reported, with over 50% of patients referred for OSA evaluation
presenting this phenotype'’. PT devices continuously monitor body position and pro-
vide feedback (usually with vibrations) when in supine position, triggering body position

", Although having demonstrated compliance and efficacy”, PT devices do not

changes
measure airflow, and consequently cannot monitor AHI and provide a comprehensive

assessment of therapy efficacy.

PT devices are typically mounted on the chest wall and already incorporate an accelerom-
eter to monitor body position. Historically, accelerometers were used in sleep medicine to
measure active-rest periods, and to aid in the diagnosis of, for example, circadian rhythm
disorders'*. However, the capability of these devices was limited to the measurement of
gross body movements, and they were unable to measure sleep stages or to accurately
detect motionless periods of wakefulness''®. Crucially, accelerometers can also be used to
measure respiration and cardiac activity. Morillo et al.** used an accelerometer mounted
on the suprasternal notch to measure cardiac, respiratory and snoring signals. Hung and
colleagues® assessed respiration with an accelerometer mounted on the chest wall. More
recently, Ryser et al.'”
obtained from a chest-worn accelerometer.

estimated respiratory rate and cessations of breathing in signals

In earlier work, we demonstrated that a chest-worn accelerometer could yield accurate
measures of thoracic respiratory effort (RE) and instantaneous heart rate (IHR) through-
1

out the night'"".

Using an algorithm originally developed with RE measured by a respiratory inductance
plethysmography (RIP) belt and IHR measured by photoplethysmography or electrocar-
diography (ECG)®, we showed that four-class sleep staging (Wake, REM, N1-N2, and N3)
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could be accurately estimated using RE and IHR derived solely from chest-wall acceler-

ometry™*

. Validation on a diverse group of participants with a variety of sleep disorders,
including OSA, yielded a Cohen’s kappa coefficient of agreement of 0.68 in comparison
with reference sleep stages scored from PSG. Furthermore, we recently demonstrated
that AHI could be estimated by means of a neural network that utilised RE from a RIP
belt and IHR from ECG, achieving an intraclass correlation coefficient (ICC) of 0.91 when

compared to reference AHI scored from PSG*®,

In the present study, we adapt this established neural network model to estimate AHI
entirely from overnight chest-wall accelerometry recordings, utilizing transfer learning,
and evaluate its performance against gold-standard PSG. A key aspect of our validation is
to demonstrate the method’s suitability for positional therapy (PT) by specifically evaluat-
ing its accuracy during non-supine body positions, which reflect effective therapy usage.

5.3 Methods

We adapted a previously developed neural network designed for respiratory event
detection, which utilised ECG and Respiratory Inductance Plethysmography (RIP) belt
data, to accept inputs derived entirely from chest-wall accelerometry. The adaptation
was performed using transfer learning due to the limited availability of simultaneous
recordings featuring both Polysomnography (PSG) and chest-wall accelerometry. Be-
cause the Apnea-Hypopnea Index (AHI) calculation requires Total Sleep Time (TST), we
first evaluate the performance of the previously established accelerometer-based sleep
staging method on the present dataset. Finally, we assessed the method’s suitability for
direct implementation in Positional Therapy (PT) devices by evaluating its performance
separately for supine and non-supine body positions.

5.3.1 Dataset

The dataset comprised 413 subjects referred for overnight PSG as part of their standard
clinical procedure. Data were collected from two distinct clinical sites. In the first site, the
OLVG hospital (Amsterdam, the Netherlands) data were collected between June 3, 2021,
and December 12, 2022, among 124 adults scheduled for ambulatory PSG. The study
was reviewed and approved by the local scientific advice committee (Adviescommissie
Wetenschappelijk Onderzoek, ACWO) of the OLVG hospital (File no: WO 20.134). In the
second site (Sleep Medicine Center Kempenhaeghe Heeze, the Netherlands), data were
collected between January 27, 2020, and November 11, 2022, and comprised 281 adults
referred for overnight in-lab diagnostic studies, as part of the SOMNIA study®.The SOM-
NIA study was reviewed by the medical ethical committee of the Maxima Medical Center
(Veldhoven, the Netherlands; file no: N16.074 and W17.128).
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In addition to the standard PSG setup at both sites, participants wore a single 3D ac-
celerometer (ADXL355, Analog Devices, Wilmington MA, USA) mounted on the thoracic
Respiratory Inductance Plethysmography (RIP) belt. This sensor was configured to acquire
triaxial raw accelerometer data at 250 Hz.

All participants gave informed consent before participating. The studies met the ethical
principles of the Declaration of Helsinki, the guidelines of Good Clinical Practice and the
current legal requirements. The protocols for the data analysis described in the present
study were approved by the local scientific advice committee of the OLVG hospital, by the
review boards of the Medical Ethical Committee of the Kempenhaeghe hospital and by
the Internal Committee of Biomedical Experiments of Philips Research.

To ensure standardized scoring of sleep stages and sleep-disordered breathing (SDB)
events (specifically, apneas and hypopneas) across the recordings of both sites, the
data were automatically scored using Somnolyzer 4.1 (Philips, Monroeville, PA, USA)'",
Somnolyzer has been validated against human scoring following the American Academy
of Sleep Medicine (AASM) rules for scoring of sleep stages, SDB events and cortical arous-
als and was certified by the AASM through their Autoscoring Certification Program'"’.
Somnolyzer was configured to score events using the current recommended rules®: ap-
neas were defined as a (near-)complete cessation of airflow (at least 90% reduction from
baseline), for at least 10 seconds; hypopneas were scored based on a reduction of airflow
between 30% and 90% from baseline, lasting at least 10 seconds, and associated with an

oxygen desaturation of at least 3% or a cortical arousal.

5.3.2 Data preparation

Precise synchronization between the Polysomnography (PSG) and accelerometer record-
ings was essential for comparing the derived sleep stages and events, but the internal
clocks of the independent acquisition devices were not aligned. Therefore, an intrinsic
synchronization method was required.

The accelerometer data were first processed to obtain the precise interbeat intervals (IBls)
and temporal locations for each heartbeat. IBls were detected by exploiting their local
periodicity and were combined with peaks in the acceleration signal to accurately local-
ize the heartbeats in time'". IBls and temporal locations were derived from the PSG as
well. R-peaks were localized in the ECG signal by means of a non-linear transformation
in combination with first-order Gaussian differentiation®. IBls were subsequently derived
by computing the time differences between the localization times of the R-peaks. Syn-
chronization was finally achieved by using the PSG clock as reference, and by adjusting
the rate and offset of the clock of the acceleration signal such that the cross-correlation
between the two IBI time series was maximized.
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5.3.3 Data processing

All steps required to estimate sleep stages and AHI from the accelerometer signal are il-
lustrated in Figure 1 and further described in detail in the following sections. The labels
(a) to (f) refer to Figure 1 (block diagram) and Figure 2 (example waveforms).

(a) - (b) (d)
Interbeat intervals . .
Cardiorespiratory
(IBls); Instantaneous N sleep stagin
heart rate (IHR) pstaging

30 Event (f)

Acc. .
detection; |5

Thoracic respiratory Event probability AHI

effort (RE) estimation estimation
(c) (e)

Figure 1 Data processing block diagram. The labels (a) to (f) refer to the example waveforms in Figure 2.
Using the 3D acceleration (a), the IHR is estimated from IBls (b). Estimated RE (c) is used for cardiorespira-
tory sleep staging (d) and estimation of probabilities of apnea and hypopnea events (e). Finally, using
sleep stage-dependent thresholds, events are detected, counted, and divided by the total sleep time to
obtain an estimate for the AHI (f).

5.3.4 Cardiorespiratory measurements

The methods to measure RE and IHR from chest-wall accelerometry have been described
in detail in previous publications®™'""; a summary is provided here. The RE signal (c) was
estimated using a pre-trained convolutional neural network. This network modelled the
complex relationship between the triaxial accelerometer signal (representing chest-wall
movements) and the reference RIP signal used for training. The output of the network
was a 10 Hz time series intended to represent the RE signal, mimicking the morphology
of a reference RIP signal. The IHR signal (b) was derived from the accelerometer data
exploiting the principles of Seismocardiography. IBls were estimated by exploiting the
local periodicity in the accelerometry signal and heartbeats were localized in time. The
sequence of localization times and IBls was converted into IHR by taking the reciprocal
of the IBIs. Finally, the IHR time series was uniformly sampled at 10 Hz using a zero-order
hold interpolation.

5.3.5 Cardiorespiratory sleep staging

The estimation of AHI requires an estimation of TST, which in turn requires a classifica-
tion of the epochs during which the participant is awake or asleep. Furthermore, as the
salience of respiratory events in terms of their cardiorespiratory expression depended
on the sleep stage during which they occurred, the detection of respiratory events also
required sleep stages (see Figure 1).
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Figure 3 - (a) Architecture of the neural network, including the encoder-decoder, (b) encoder and de-
coder layers, (c) dilational pyramid, and (d) each stacked convolutional block. The blocks drawn in red in
(a) were retrained using accelerometer data from the training part of the present study, while the blocks
in grey were kept as pre-trained on ECG and RIP data from a previous study.

We used a previously developed algorithm form cardiorespiratory sleep staging
(CReSS)'*. The CReSS algorithm was originally developed to perform four-class sleep
staging (Wake, N1-N2, N3, REM) using cardiorespiratory signals. We previously demon-
strated that CReSS could be successfully used to perform the same four-class staging
using only RE and IHR derived from chest-wall accelerometry'. Using that algorithm,
TST was estimated simply by counting the time spent in any of the detected sleep stages
(except Wake).

5.3.6 Eventdetection and AHI estimation

Apnea and hypopnea events (henceforth referred to simply as SDB events) were detected
using a neural network previously developed to detect these from IHR derived from ECG
and RE derived from a RIP band™®. The original neural network was trained with over 2000
recordings and further validated on more than 600 additional recordings. Such amounts
of data are not available for PSG recordings with concurrent chest-wall accelerometry;
hence, we leverage transfer learning, whereby a neural network trained on a larger, more
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readily available dataset, is fine-tuned using a smaller target-specific dataset. This tech-

nique has been applied successfully in the domains of ECG'®, PPG'*, and sleep'*®.

The SDB event detection network uses an encoder-decoder architecture with a pyramid
pooling block (Figure 3)*. The encoder represents cardiorespiratory information in fea-
ture maps with a progressively lower temporal resolution, while the decoder module up-
scales the abstract, low-resolution maps to match the desired temporal output resolution
for event detection (2 Hz in this case). A dilational pyramid pooling module combines
information at different scales to improve the precision in detecting event boundaries
and to help separate events that are temporally close to each other. Inspired by pyramid
scene parsing architectures, it exploits not only local but also neighbouring clues to im-
prove the reliability of the final prediction.

The network outputs SDB event probabilities, (label (e) in Figures 1 and 2). Based on the
observation that the salience of the expression of SDB events in cardiorespiratory activity
depends on the sleep stage in which they occur, we opted to use sleep-stage dependent
probability thresholds, optimized by grid search maximizing the ICC between the pre-
dicted and reference AHI values. Using these thresholds, individual events are detected
as the group of consecutive output samples where the probability is higher than the
threshold defined for the accelerometer-based sleep stage in which they occur (label (f)
in Figures 1 and 2). These events are subsequently counted and divided by the TST to
obtain an estimate of AHI based on accelerometer data (AHIacc).

5.3.7 Training and validation

Sleep staging

The CReSS sleep staging algorithm was used as is, without retraining or in any way tuning
to the characteristics of the dataset used in the present study. To evaluate sleep staging
performance, we first selected for each recording the interval for which both acceler-
ometer and PSG data were available. Next, TST obtained from chest-wall accelerometry
(TSTacc) was compared with TST obtained from PSG scoring (TSTesg). In addition, for each
recording, epoch-per-epoch CReSS sleep stages were compared with the reference sleep
stages scored from PSG. Performance was assessed using Cohen'’s k of agreement (k for
short) and accuracy for four-class classification (Wake/N1-N2/N3/REM), three-class clas-
sification Wake/NREM/REM; obtained by merging N1-N2 and N3 in a single non-REM or
NREM class) and for the binary classification of each of the four classes against the rest
(Wake vs combined N1-N2, N3 and REM, etc.). For each of the binary classification tasks,
sensitivity, specificity, and positive predictive value (PPV) were computed.
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Event detection and AHI Estimation

Transfer learning was performed by freezing all weights of the pre-trained network from
the previous study, except for the blocks at the input and at the output of the neural net-
work, highlighted in red in Figure 3. To perform transfer learning, we divided the dataset
(N=413) into two parts at subject-level, balancing the number of recordings of each OSA
severity category between the two. The first part, the training set (N=206), was used for
transfer learning. The second part, the hold-out set (N=207), was reserved for evaluating
the performance of the adapted AHI estimation algorithm against gold-standard PSG
and was completely unseen by any part of the complete system prior to evaluation.

The performance of the AHI estimation algorithm based on accelerometer inputs
(AHIACC) was compared against the reference AHI determined from the PSG scorings
(AHIPSG) using the ICC (two-way random-effects model for absolute agreement) with the
corresponding 95% confidence intervals, and a Bland-Altman analysis of bias and 95%
limits of agreement (LoA). Furthermore, we calculated the root mean square error and the
mean error (bias) and standard deviation of the error for the complete dataset, as well as
for the recordings from each of the two sleep centres.

The performance in establishing OSA severity was assessed with a four-way confusion
matrix from which measures of agreement for the common severity classes ‘None’
(AHI < 5), ‘Mild’ (5 < AHI < 15), ‘Moderate’ (15 < AHI < 30), and ‘Severe’ (AHI > 30) were
derived. Furthermore, the algorithm was evaluated in terms of its diagnostic capacity at
distinguishing OSA severity at different thresholds, i.e., AHI < x versus AHI > x, with x cor-
responding to the severity thresholds 5, 15 and 30. Classification performance for each
of these binary classification tasks was evaluated using measures of accuracy, sensitivity,
specificity, positive and negative predictive values (PPV, NPV), and positive and negative
likelihood ratios (LR+, LR-). To account for uncertainty around the canonical thresholds
(5, 15, and 30 events/h), and to avoid giving an overly pessimistic view of performance
due to small errors around these boundaries, which might not be clinically relevant, we
used the near-boundary double-labelling procedure as proposed by Van Pee et al.”* and
Martinot et al.'* Using the boundaries defined by Van Pee and colleagues, we considered
the following boundaries: ‘Normal’ (AHIPSG < 2.4), ‘Normal OR Mild’ (2.4 < AHIPSG < 7.0),
‘Mild’ (7.0 < AHIPSG < 12.4), ‘Mild OR Moderate’ (12.4 < AHIPSG < 17.4), ‘Moderate’ (17.4
< AHIPSG < 26.6), ‘Moderate OR Severe’ (26.6 < AHIPSG < 35.2), and ‘Severe’ (AHIPSG >
26.6), in which the zones with ‘OR’in the label are near-boundary zones. All reference AHI
values were classified into one of these zones. The final confusion matrix was obtained
after reducing the near-boundary double-labelled references to a single class out of the
standard four severity classes (‘None, ‘Mild, ‘Moderate, ‘Severe’), using the following rules:
if the predicted severity matched one of the double-labelled references, the reference
was assigned to the row corresponding to the predicted class; otherwise, the reference
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was assigned to the severity class according to the canonical AHI thresholds (i.e., 5, 15,
30).

5.3.8 Relation with body position

The performance of the algorithm was evaluated separately for supine and non-supine
body positions. We used the body position sensor, which was part of the PSG, to deter-
mine intervals where the participant was lying in supine position and intervals where the
participant was lying non-supine (i.e., any other body position except supine). An SDB
event that overlapped at least partially with a supine interval during sleep was consid-
ered a supine-specific event, otherwise it was considered a non-supine event. Using this
rule, we calculated the number of supine and non-supine SDB events detected by the
accelerometer, as well as using the scoring from PSG. We also calculated the TST spent in
supine and non-supine positions, based on CReSS using accelerometer inputs, and based
on the reference scorings from PSG. For all recordings with a minimum of twenty minutes
of TST (according to PSG) in both supine and in non-supine positions, the supine-AHI and
non-supine-AHI were calculated for both the PSG and the accelerometer algorithms and
evaluated in terms of ICC (two-way random-effects model for absolute agreement).

5.3.9 Statistics

The Shapiro-Wilk normality test was used to determine whether sample data was nor-
mally distributed (at a p-value of 0.05). Since nearly none of the data analysed was nor-
mally distributed, all sample statistics throughout the manuscript indicate the median,
and between curly brackets, the 25th and 75th percentiles: “median {Q1, Q3}"

5.4Results

5.4.1 Demographics

Table 1 presents participant demographics, stratified by participating site and dataset:
training (N=206) and hold-out (N=207). SDB was the most common disorder in both
datasets (training: 56%; hold-out: 51%), followed by insomnia (25%, 28%), movement
disorders (15%, 14%), and REM parasomnia (14%, 13%).
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Table 1 - Demographic information and AHI of participants in the training and hold-out sets.

N Female

Site N (%) Age (year) BMI (kg/m?) AHI* (events/h) TST (h)
0
Training set (N=206)
46 {36, 58} 27.0{24.5,30.0} 16.11{6.3, 27.5} 7.2{5.9,7.8}
owve 68 21(309) [21,78] [19.0, 39.0] [0.8, 69.4] [1.8,10.0]
52 {34, 62} 26.0 {23.2,29.3} 7.0{3.2,19.3} 6.7 {5.5,7.4}
Kempenhaeghe 138  61(442) =5 g3 [18.7,39.4] 0.0, 78.8] [0.0, 9.0]

Hold-out set (N=207)

46 {36, 55} 28.0{25.0,31.0} 16.7 {7.3, 27.8} 6.7 {5.3,7.5}

oLvVG 60 20(33.3
(333 o1 [19.0,47.0] [1.8,72.8] [2.9,82]
53 {38, 64} 25.4{23.4,28.7} 7.5{2.8,17.9} 6.8{5.5,7.5}
Kempenhaeghe 147 58(395) .. o [17.8,42.2] [0.2,72.2] [0.1,8.5]

BMI: body mass index, AHI: apnea-hypopnea index, TST: total sleep time. For age, BMI, AHI and TST the
table indicates the median, between curly brackets, the 25" and 75" percentiles, and between square
brackets, the range. *AHI according to PSG.

5.4.2 Sleep staging

Comparison of sleep stages derived from chest-wall accelerometry with those derived
from PSG yielded a k-coefficient of agreement of 0.665 for four-class sleep staging and of
0.713 for Wake versus Sleep classification. Using the agreement thresholds from Landis
and Koch for interpreting k, agreement with PSG was substantial for all classification
"1, The best performing class was REM, followed by Wake, with a sensitivity of 76.7%,
a specificity of 96.7% and a positive predictive value of 81.4%.

tasks

The median, first, and third quartiles of the error in TST were +2.5, -9.24, and +14.6
minutes for the hold-out set, and -1.43, -12.5, and +12.2 minutes for the training set. The
algorithm achieved an ICC of 0.942, with a 95% Cl of 0.920 to 0.960 (p<0.001) for TST on
the hold-out set.

5.4.3 AHI estimation

Table 2 indicates the performance in AHI estimation over the hold-out set. The algorithm
achieved an overall ICC of 0.89, with a bias of 0.62 events/h. The ICC for female (N=78)
and male (N=128) participants was 0.90 and 0.87, respectively, not significantly different
(Mann-Whitney U test, p = 0.28). Pearson’s correlation coefficient reached a value of 0.81
on the AHI against PSG. Figure 4 illustrates the estimation error (AHIxcc minus AHlpsg) for
each recording in the hold-out set, separately coloured per OSA severity according to
AHlpsc. The algorithm achieved a negligible bias of -0.62 events/h, with 95% LoA of -15.0
and +13.8 events/h. The error distribution is narrowest at AHIl,sc < 5 and becomes wider
with increasing severity.
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Table 2 - AHI estimation performance for hold-out set, overall and per center.

Centre N r p-value (r) ICC 95%ClI p-value (ICC) RMSE  Bias SD error
All 207 0.81 <0.001 0.89 [0.85,0.91] <0.001 7.34 0.62 7.34
Performance per centre
OLVG 60 0.83 <0.001 0.85 [0.76,0.91] <0.001 9.03 0.40 9.10
Kempenhaeghe 147 0.78 <0.001 0.90 [0.86,0.93] <0.001 6.53 0.72 6.51

N: number of recordings for each performance evaluation (‘overall’ corresponds to the complete hold-
out set), r: Spearman’s r, ICC: intraclass correlation coefficient for two-way random-effects model for ab-
solute agreement, 95%Cl: 95% confidence interval for the ICC, RMSE: root mean square error, SD error:
standard deviation of the estimation error.

Table 3 indicates the confusion matrix for OSA severity classification on the hold-out
set (N=207), using near-boundary double labelling. The predicted severities matched
the reference for 164 recordings, with the predicted severity class off by one class for 40
recordings, by more than one class for only 3 recordings. The four-way k-coefficient of
agreement was 0.71 and the accuracy was 79.2%.

Table 4 indicates the overall classification performance for each severity threshold, using
near-boundary double labelling. Negative likelihood ratios were 0.076, 0.244, and 0.139
for the Mild, Moderate, and Severe thresholds.

Table 3 - Confusion matrix for OSA severity classification on the hold-out set using near-boundary
double labeling and after reduction of the reference labels to standard categories.

Ref.! Pred.— No Mild Moderate Severe
No 49 (83.1%) 4 (4.8%) 2(5.1%) 1 (3.8%)
Mild 10 (16.9%) 62 (74.7%) 5(12.8%) 0 (0.0%)
Moderate 0 (0.0%) 17 (20.5%) 28(71.8%) 0 (0.0%)
Severe 0 (0.0%) 0 (0.0%) 4(10.3%) 25 (96.2%)

Each cell indicates the count, and between parenthesis, the distribution of predictions (per column)
across the reference severity classes (the diagonal indicates the positive predictive value for the class).

Table 4 - Performance for classification at different severity thresholds on the hold-out set, using
near-boundary double-labeling.

Min. severity Prev.>Sev.(%) Acc. Sens.  Spec. PPV NPV LR+ LR-
Mild 729 0918 0934 0875 0831 0953 7.5 0.076
Moderate 357 0.879 0.770 0.940 0.880 0.877 12.8 0.244
Severe 14.0 0976 0862 0994 0978 0962 1534 0.139

Min. severity: minimum severity defined for positive class (i.e., positive class includes this severity and
higher) for each binary classification task; Prev.>Sev.: Prevalence, or percentage of participants with
severity equal or greater than the minimum severity; Acc.: accuracy; Sens.: sensitivity; Spec.: specificity;
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PPV: positive predictive value; NPV: negative predictive value; LR+: positive likelihood ratio; LR-: negative
likelihood ratio.
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Figure 4 - Scatter plot of error per severity class (according to PSG). The histogram above the scatterplot
shows the distribution of recordings per severity and the density plot at the right of the scatterplot shows
the errors per severity. The solid horizontal line indicates the overall AHI estimation bias, and the dashed
lines show the 95% limits of agreement.

5.4.4 Relation with body position

Table 5 compares the TST and AHI obtained from PSG and from the accelerometer overall,
and per body position (supine, and combination of all non-supine positions), together
with the ICC between the PSG and accelerometer-based estimations, for all recordings
with a minimum of 20 minutes in supine and in non-supine positions. For the AHI, an
overall ICC of 0.89 was reached, with an ICC of 0.87 in the supine position and of 0.86 in
the non-supine position. The overall TST reached an ICC of 0.95, which is slightly different
than the 0.942 which was reported earlier in this section for the complete hold-out set
(N=207), because here we only consider recordings with at least 20 minutes in supine and
non-supine positions (N=147). ICC values for separate body positions can be higher than
the overall ICC value, because when calculating the ICC, data is first centred and scaled
based on its mean and standard deviation. This eliminates the different biases obtained
in TST estimation for each separate body position which led to lower agreement when
computing the statistic for both positions combined.
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Table 5 - Comparison between PSG- and accelerometer-derived TST and AHI for the supine and
non-supine body positions, on the subset of 147 recordings with a minimum of 20 min of total sleep
time (PSG) for each body position (supine and non-supine).

TSTesc  TSTacc(h)  ICCqrsr Bias AHlpsc AHl,c 1ICCau Bias [LoA]
Body (h) [95% CI] [LoAl] (events/h) (events/h) [95% CI] (events/h)
Position () (h) (=)
6.93 6.92 0.95 0.06 0.89 -0.93
{5.90, {6.06, [0.93 [-0.79, 9.77 10.1 [0.85, [-15.10,
All 7.55} 7.58} 0.96] 0.90] {4.89,21.2} {4.18,17.9} 0.92] 13.24]
2.41 2.32 0.99 0.04 0.87 -2.46
{1.35, {1.52, [0.99 [-0.36, 16.9 15.2 [0.82, [-24.99,
Supine 3.45} 347} 0.99] 0.44] {7.33,37.6} {4.39,34.1} 0.91] 20.07]
3.84 4,01 0.98 0.01 0.86 -0.02
Non- {2.77, {2.89, [0.98 [-0.57, 4.70 6.95 [0.81, [-14.67,
supine 5.29} 5.42} 0.99] 0.60] {2.66,14.4}  {2.55,13.2} 0.90] 14.62]

TSTPSG: total sleep time (TST), according to scoring from PSG; TSTAcc: TST derived from CReSS sleep stag-
ing based on accelerometer inputs; ICCTST: intraclass correlation coefficient for two-way random-effects
model for absolute agreement in total sleep time estimation; 95%Cl: 95% confidence interval for the (cor-
responding) ICC; LoA: 95% limits of agreement, after a Bland-Altman analysis of the estimation error;
AHIPSG: apnea-hypopnea index (AHI) according to scoring from PSG; AHIACC: AHI estimated from the
accelerometer-based algorithm,; ICCAHI: intraclass correlation coefficient for two-way random-effects
model for absolute agreement in AHI estimation, curly brackets: the 25th and 75th percentiles.

5.5Discussion

We developed a method for AHI estimation using an accelerometer on the chest, by
combining a cardiorespiratory sleep staging algorithm with an adapted neural network
for detecting respiratory events. Performance was evaluated on a hold-out set of 207 par-
ticipants. Total sleep time was estimated accurately with first and third error quartiles of —
9.2 and +15 minutes, as a basis for accurate AHI estimates. Compared with the PSG-based
AHI standard, chest-wall accelerometry achieved an ICC of 0.89 (95% Cl: 0.85 to 0.91), a
negligible bias of -0.62 events/h, and 95% LoA of -15.0 and +13.8 events/h. Using near-
boundary double labelling, OSA severity classification reached a Cohen’s k coefficient of
agreement of 0.71, indicating substantial agreement with severity classes determined
from PSG®’. The performance of the AHI estimation changed very little if the evaluation
intervals were restricted to either supine or non-supine positions. In non-supine position,
the algorithm achieved an ICC of 0.86 (95% Cl: 0.81 to 0.90). This is important in the ap-
plication of PT, as the goal is to have the patient sleep as long as possible in a non-supine
position, and thus, the estimation of residual AHI should provide reliable results in this
situation. The findings indicate that the method may be suitable for AHI estimation dur-
ing PT.
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In comparison with currently available methods for AHI estimation during OSA therapy, a
recent meta-study of the accuracy of the AHI during PAP therapy by commercially avail-
able machines showed 95% LoAs ranging from -15.8 and -4.9, to 0.1 and 18.8 events/h,
when evaluated over 12 studies'?®. Four of the studies reported ICC values, being: 0.69'%,
0.74'%,0.79'*, and 0.96'*. In a recent study of 300 OSA patients on PAP therapy'*, it was
found that the negative likelihood ratio for AHI estimation was higher than 0.5 for all
boundaries and considered by the authors as inconclusive (LR— was 0.58, 0.58, and 0.59
for the boundaries 5, 10, and 15 events/h, respectively). In the present study, we found
LR— values of 0.20, 0.31, and 0.17 for the (classical) boundaries 5, 15, and 30 events/h,
respectively.

The ICC, the 95% LoA, and the negative likelihood ratio of our method are well within
the range of performances reported for PAP machines. This suggests that our method
could be equally suitable for AHI monitoring during OSA therapy. However, it is relevant
to remark that our participants were measured during diagnostic PSG, whereas the PAP
studies evaluated participants during therapy. Therefore, range of the AHI values may
vary between the two populations, with lower AHI values observed during PAP therapy
and higher values in our study.

Regarding the potential use during PT, it should be noted that of course performance
in different body positions in this study was evaluated without any form of therapeutic
intervention. During actual positional therapy, the stimulation used to trigger the patient
to change from a supine to a non-supine position might influence sleep architecture and
perhaps introduce artifacts that could negatively impact AHI estimation performance.
This effect may be limited however, given the relatively small number of positional
changes during a night, compared to for example the number of naturally occurring
arousals, or even residual apnea and hypopnea events. AHI estimation performance may
in practice also be impacted by the accelerometer placement and body contact; here the
devices were mounted on a respiratory thoracic RIP belt by professional staff, while dur-
ing therapy the devices are mounted by the patients themselves.

In the context of a diagnostic application, the method demonstrated relatively high
positive likelihood ratios for AHI severity classification (2.64, 7.94, and 73.7 for the Mild,
Moderate, and Severe classes, respectively, using classical boundaries). For comparison,
in a recent meta-study on peripheral arterial tonometry (PAT)'¥, positive likelihood ratios
of 1.66, 3.34, and 5.74 were found for the same boundaries. A few studies on PAT reported
an ICC for the AHI, over cohorts with varying characteristics. In one study, among 30
participants suspected of having OSA, an ICC of 0.88 was found when comparing against
PSG'®. In an early PAT meta study, a Pearson correlation of 0.89 was found'* when com-
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paring the AHI against that derived from PSG, while the overall value found in the present
study was 0.81.

Although not fully comparable with previous studies because of variations in study
cohorts and in scoring parameters (for example 3% versus 4% desaturation in case of
hypopneas), the relatively high positive likelihood ratios found in this study indicate that
the method might be usable for diagnostic purposes. An interesting practical use case
may be to integrate the method in wearable patches for extended Holter ECG monitor-
ing. In this case, the IHR may be derived from the ECG signal, while respiration can be
derived from an added accelerometer'. Since OSA is common in patients with cardiac
disorders including arrythmias population, with prevalences reported up to 74%* and
151

the burden of OSA may worsen the cardiac condition
an estimation of possible OSA severity for further follow up'**.

, there is clinical value in having

Our method might also be useful as a backup sensing modality during sleep recordings,
for example in type Il sleep tests (unsupervised polysomnography). These tests require a
high number of sensors that need proper galvanic or optical skin contact, and poor re-
cording quality is not uncommon. Using alternative signals from an accelerometer device
may save otherwise unusable recordings. Body position sensors in current PSG systems
may have insufficient sensitivity to detect cardiac vibrations or chest wall movements
but could be easily replaced by commercially available accelerometers with adequate
sensitivity.

A limitation of this study was that patients with known heart rhythm disorders were not
included. In the presence of arrhythmias, the cardiac measurements themselves may be
less reliable and the relationship between these measurements and sleep apnea may
have been insufficiently captured in the present dataset. Furthermore, the proposed
method is not capable of distinguishing obstructive from central apnea events. In future
research, it could be investigated if full absence of respiratory movements could be used
to discern central from obstructive events. Furthermore, the method was evaluated
among patients undergoing polysomnography and the sensors were mounted by clinical
staff. In future studies, the method should be evaluated in application scenarios, possibly
with self-attachment of the sensor and during actual OSA therapy, in particular PT, which
currently lacks any measurement of AHI or sleep.

In summary, this study demonstrates the potential of accurately measuring AHI using
chest-worn accelerometry, achieving substantial agreement with PSG-derived AHI. Im-
portantly, accelerometer-based AHI estimation performance remained consistent across
all body positions, and comparable to the performance of residual AHI measurement dur-
ing PAP therapy. This method may be of value in various clinical applications, in particular
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in the treatment of OSA with PT. By offering the possibility of measuring sleep stages
and AHI on a nightly basis for patients undergoing this therapy, it enriches the currently
available treatment information which consists simply of usage time, and a sleep position
summary. As the severity of the disorder may vary or worsen over time, and eventually
even manifest itself in non-supine positions, continuous monitoring of sleep and AHI
during treatment may substantially enhance the assessment of therapy efficacy and the
management of the disorder.
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6.1Research goals

The goal of this thesis was to develop methods for the monitoring of sleep and sleep
apnea using chest-wall accelerometry and to evaluate their effectiveness by comparing
sleep stages and AHI against those derived from PSG.

To enable sleep staging and AHI estimation, we developed robust and accurate methods
for cardiorespiratory measurements using chest-wall accelerometry. A neural network
was developed that that could estimate (surrogate) respiratory effort with very low error
when compared to state-of-the art methods. Additionally, a statistical estimation method
was developed that could robustly measure instantaneous heartrate with very high ac-
curacy, such that results were compliant with the American national standard on cardiac
monitoring equipment.

With these cardiorespiratory measurements, we leveraged a previously developed
method for cardiorespiratory sleep staging. To mimic the respiratory impedance pleth-
ysmography signal used for training the sleep staging method, we injected typical gross
body movement artifacts, usually found in respiratory belt signals, into our estimated
respiratory effort signal. Four-class sleep staging with chest-wall accelerometry as input
showed substantial agreement with sleep stages derived from PSG when evaluated on a
diverse cohort including sleep-disordered participants.

We then leveraged a neural network for AHI estimation from ECG and RIP signals that was
previously trained on a large PSG dataset. By means of transfer learning, we tuned this
network to the characteristics of the cardiorespiratory signals derived from chest-wall ac-
celerometry. The AHI derived from chest-wall accelerometry achieved a high correlation
with that from PSG. Low negative likelihood ratios indicated the suitability of chest-wall
accelerometry for use during OSA therapy, where it is important to determine that the
(residual) AHI is below a certain severity level, indicating that the patient is adequately
treated. We showed that performances were comparable to those obtained for the esti-
mation of residual AHI during PAP therapy, although the performances for PAP therapy
were obtained during therapy, while the results here were not. Furthermore, positive
likelihood ratios were high and comparable to those obtained for peripheral arterial
tonometry (PAT), an often-used home sleep apnea test, indicating suitability of our work
for diagnostic use.
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6.2Interpretation of results

Respiratory Effort

For the estimation of respiratory effort, we first developed an enhanced version of princi-
pal component analysis (PCA), which yielded a 40% lower estimation error compared to
the state of the art. However, the method was developed on a relatively small group of
20 healthy individuals, and when applying it on sleep-disordered participants, its perfor-
mance deteriorated. We then leveraged the suitability of convolutional neural networks
(CNNs) to represent complex, non-linear relationships. To find the optimum CNN archi-
tecture, we automatically searched for the best number of layers, channels, and kernel
sizes. This yielded a 9-layer CNN with 207,855 parameters that was able to reduce the
estimation error by an additional 60% compared to the enhanced PCA method.

Besides yielding a signal closely resembling the respiratory impedance plethysmography
(RIP) signals during normal breathing, this method allowed for an accurate representa-
tion of breathing during and around respiratory events, as illustrated in Figure 1, where
the reference RIP signals are shown in the middle and the accelerometry-derived signal
at the bottom. Respiratory events can lead to changes in signal amplitude and frequency,
which are present and visible in the RIP signals as well as in the accelerometry-derived
signal.

While Esophageal Manometry is considered the gold standard for measuring respiratory
effort”’, RIP was selected as the reference for this study. The rationale is that RIP is the
standard sensor used in clinical PSG and was the specific modality used to train the neu-
ral networks for sleep staging and AHI estimation in our target application.
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Figure 1 Example of estimated respiratory effort (bottom) derived from the 3D accelerometer signal (top,
with arbitrary offsets for x, y, and z), with the reference thoracic and abdominal respiratory impedance
plethysmography signals (middle). Note how the variations in amplitude and frequency in the pleth-
ysmography signals, potentially indicative of respiratory events, are also present in the accelerometry-
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Instantaneous heartrate

For the estimation of instantaneous heartrate (IHR), we first needed to localize heartbeats
in time (¢:) and estimate the associated interbeat intervals (IBI,). The instantaneous
heartrate can then be computed by taking the reciprocal of the IBls (i.e. IHR, = 60/IBI,,
in beats per minute when IBI, in s) and by resampling these at an equidistant time grid.

For IBI estimation, we started from a method that was shown to be able to estimate
these in seismocardiography (the measurement of whole-body cardiac vibrations)®; this
method, in particular, relies on maximum-likelihood estimation (MLE) for IBI estimation.
Although this method could estimate individual IBIs very accurately, the resulting IBI
sequences could be temporally inconsistent (i.e. t,,; # t, + IBI, and M ' IBI, # ty —
, with ¢, the localization time of beat n). Consequently, the IHR sequence could become
inaccurate.

Our contribution was that we enforced temporally consistent sequences of IBls and lo-
calization times (t,1 = ¢, + IBI,,, and YY" IBI, = t5; — t,). In this way, the localization of
one heartbeat could support the localization of other heartbeats and vice versa. Similarly,
estimations of individual IBls could support each other. As a result, the estimations be-
came more robust and accurate. In addition, we used maximum a posteriori estimation
(MAP) rather than MLE.

Here, MAP aims at finding a temporally consistent beat sequence for which the posterior
probability is maximized. The posterior probability is the product of the likelihood and
the prior. The likelihood expresses how well the observed chest-wall accelerometry data
fits the estimated beat sequence. The likelihood is high if the data are locally periodic
at time distances equal to the IBIs (with the likelihood based on the previous method,
that used MLE for individual IBIs*®). The prior represents the prior belief in the intrinsic
plausibility of the beat sequence per se, preventing the fitting of unplausible, erratic beat
sequences to noisy acceleration data.

On the downside, constraining the search space to temporally consistent IBls sequences
rather than individual IBls caused a substantial increase in computational complexity.
A combinatorial optimization problem was created that was of non-polynomial (expo-
nential) complexity. To efficiently approximate a maximally probable beat sequence,
we transformed the MAP problem into a Markov decision process. We used the Bellman
equation (a foundational concept in reinforcement learning), to approximate the Bayes
optimal solution. With depth-constrained search we achieved accurate results, while
keeping computation time limited.
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The result is a robust and highly accurate estimation of IBls and localization times. The
mean absolute IBI error was only 3.5 ms, less than the sampling time of the acceleration
signal (4 ms), when evaluated over a diverse cohort, including sleep disorders. The 95%
limits of agreement for IHR ranged from -1.20 to +1.25 beats per minute and met the
accuracy requirements of the American national standard on cardiac monitoring equip-
ment™.

The example in Figure 2 shows the IHR for the same interval as in Figure 1. It shows the
IHR from ECG in blue and the one from chest-wall accelerometery in red. In both signals
increases in the IHR can be seen that occur simultaneously with increases in respiratory
rate.
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Figure 2 Example of estimated respiratory effort and instantaneous heart rate (IHR). The respiratory ef-
fort signal in and the IHR signal in red (bottom) were derived from the accelerometer signal, while the
IHR signal in blue (third graph) was derived from the ECG signal. The increases in IHR coincide with the
temporary increases in respiratory rate, and both follow decreases in amplitude of the (surrogate) respi-
ratory effort signal.

AHI estimation

We leveraged a previously developed method that could estimate the AHI from IHR
derived from ECG, and (surrogate) respiratory effort from RIP. The method uses a neural
network to detect respiratory events, which it then counts and divides by an estimated
total sleep time to obtain the AHI. Its performance was evaluated on a cohort of 653
participants with a large range of OSA severities and reached an intraclass correlation
coefficient (ICC) of 0.91°¢,
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Our contribution was that we used this network in combination with respiratory effort
and IHR derived from chest-wall accelerometry. To tune the network to the specific
properties of inputs from chest-wall accelerometery, we applied transfer learning. A small
fraction of the network parameters at the inputs and outputs was retrained while keep-
ing the remaining parameters frozen. The retrained network then was used to estimate
probabilities of respiratory events, see Figure 3. Using (sleep-stage dependent) thresh-
olds, event probabilities could be converted into event occurrences, which were counted.
Dividing the number of events by the total sleep time (derived from sleep staging) then
yielded an estimate for the AHI.

A high ICC of 0.89 was reached for the AHI when compared to that derived from PSG.
Using near-boundary double labelling, Cohen'’s kappa coefficient of agreement on OSA
severity classes (None, Mild, Moderate, and Severe) reached 0.71, indicating substantial
agreement and showing that the method may be usable for classification of AHI severi-
ties.
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Figure 3 Example of event detection. When event probabilities (filled areas in bottom graph) exceed a
(sleep-stage dependent) threshold, an event is detected (red areas).

Application in OSA diagnostics

The positive likelihood ratios were 2.64, 7.94, and 73.7 for the Mild (AHI between 5 and
15 events/hour), Moderate (AHI between 15 and 30 events/hour), and Severe (AHI above
30 events/hour) OSA classes, respectively, using classical boundaries. These relatively
high values indicate that the method’s ability to establish if a patient’s AHI is at least as
severe as the respective severity class. This is important in the diagnosis of OSA, which
relies on the AHI boundaries for Mild and Moderate OSA, as specified in the international
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classification of sleep disorders®. Here, a comparison with the widely applied peripheral
arterial tonometry (PAT) is relevant. PAT has been accepted for home sleep studies by the
US Centers for Medicare and Medicaid Services (CMS, setting health insurance standards)
and the AASM™. A recent meta-study of peripheral arterial tonometry (PAT)'* found
positive likelihood ratios of 1.66, 3.34, and 5.74 for the same boundaries as indicated
above. One study among 30 patients suspected of having OSA reported an ICC of 0.88',
Although not fully comparable, the results obtained in this thesis indicate the method
may be usable for diagnostic purposes at a level similar to PAT.

Application in therapy monitoring

The negative likelihood ratios were 0.20, 0.31, and 0.17 for the Mild, Moderate, and Severe
classes, respectively, using classical boundaries. These relatively low values indicate that
the method’s ability to determine whether a patient’s AHI falls below a respective severity
class. This is important during OSA therapy to assess its efficacy, where the confirmation
that the AHI during treatment remains below a threshold means that the therapy is suc-
cessfully working at reducing the AHI.

For hypothetical use during therapy, a comparison with PAP therapy may be insightful:
the AHI estimation performance of PAP devices is accepted for general clinical use. In a
recent study among 300 OSA patients on PAP therapy'®, it was found that the negative
likelihood ratios were all higher than 0.5 for all examined boundaries (0.58, 0.58, and 0.59
for 5,10, and 15 events/h, respectively) and were therefore considered inconclusive. Fur-
thermore, four studies reported ICC values between the estimated and the PSG reference
AHI of 0.69'%, 0.74'%,0.79'*, and 0.96'*. These results show that our method can achieve
performance comparable to that of PAP machines. However, a direct comparison should
be made with caution, as our performances were obtained in absence of therapy while
that of PAP devices was determined during therapy.

An important aspect of the present study is that performance was consistent across
sleeping positions, with an ICC of 0.87 in the supine position and of 0.86 in non-supine
positions. This consistency is relevant in positional therapy for OSA, where the supine
sleeping position is avoided.

Sleep staging

For sleep staging, we employed a previously developed method for cardiorespiratory
sleep staging (CReSS)®. CReSS utilizes a deep neural network with convolutional and long
short-term memory layers. The CReSS algorithm is device agnostic and requires airflow
and heart rate inputs with an option to rely on a respiratory effort signal during periods
when airflow is absent or invalid. CReSS combines the stages N1 and N2 into a single class
as the difference between N1 and N2 can mainly observed in cortical activity (spindles,



General discussion and perspectives | 149

k-complexes) and less in cardiorespiratory characteristics. This is a known limitation of
cardiorespiratory sleep staging'®.

In earlier work, CReSS was evaluated on a set with 296 PSGs with a wide range of OSA
severities, and epoch-by-epoch agreement with scorings from PSG reached a Cohen’s
kappa coefficient of agreement of 0.64 when using and flow and heart rate, and 0.68 with
respiratory effort as additional input.

Our contribution was that we used CReSS in combination with heart rate and respiratory
effort derived by chest-wall accelerometery. The chest-wall accelerometry input signals
were dissimilar to the neural network’s training data. Because the original training data
(RIP signals) contained motion artifacts from large body movements, these same artifacts
had to be introduced into the RE signal derived from chest-wall accelerometry.

As a result, we obtained sleep stages that showed substantial agreement with those
derived from PSG, with a Cohen’s kappa coefficient of agreement of 0.68. This result
matches the highest reported performance (kappa = 0.68) of the CReSS algorithm when
using a traditional respiratory effort sensor, thereby indicating the use of chest-wall ac-
celerometry as a reliable input.
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Figure 4 Example of median agreement (kappa = 0.68) between reference (top) and estimated (bottom)
sleep stages.

The relatively high kappa value of 0.68 indicates that sleep stage estimation agrees sub-
stantially with sleep stages derived from PSG, see Figure 4 as an example. For comparison,
reported kappa values for four-class sleep staging with PAT were 0.42” (N=16) and 0.48"*
(N=227, multi-centre), both indicating moderate agreement.
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Sleep-wake detection reached a Cohen’s kappa of 0.723, also indicating substantial
agreement, which is important for AHI estimation. In addition to the accurate estimation
of total sleep time, required to calculate the AHI, events should only be included in the
numerator of the AHI when they occur during sleep. If sleep-wake detection if wrong,
then events may erroneously be counted in or out. An accurate estimation of total sleep
time was obtained, with a negligible bias and an inter-quartile error range from -9.5 to
+17 minutes.

Performance was evaluated over a diverse cohort, including participants with sleep dis-
orders. The presence of sleep-disordered breathing as well as insomnia had no significant
effect on performance, and there was only a slight dependency on age, with better per-
formance for younger participants. This indicates that sleep staging and the estimation
of total sleep time may be used in cohorts with suspicion, or diagnosis of sleep disorders.

6.3 Strengths and Limitations

Sleep stages and respiratory events

The combined provision of sleep stages and respiratory events is a strength of this
method. Not only are the sleep stages required to estimate a total sleep time, thereby
enabling accurate AHI estimation, but also the sleep stages themselves can provide use-
ful clinical information. In the example illustrated in Figure 5, respiratory events occur
predominantly during REM sleep, which could be indicative of REM-OSA. The relationship
between the occurrence of events and sleeps stages may help the clinician in refining
the OSA diagnosis and prescribing a personalized treatment. To establish the reliability
of such analyses, future research could go beyond evaluating the agreement in AHI es-
timation, and into evaluating the agreement between individual event detection from
chest-wall accelerometry and PSG.

Furthermore, the sleep stages themselves may provide additional insights to a clinician.
For example, insomnia may be or become comorbid with OSA. The night-to-night de-
tection of sleep stages may enable the clinician to assess extended wake periods which
might pertain to this condition and possibly adapt the therapy.
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Figure 5 Example of sleep stages and events derived from chest-wall accelerometry. The bottom graph
shows event probabilities with sleep stage-dependent thresholds. When probabilities exceed thresholds,
events are detected. Events predominantly occur during REM sleep, which may be indicative of REM-OSA.

A diverse dataset collected over two centres

Another strength of this research was that it was conducted over a relatively large and di-
verse cohort (N = 413) recorded at two different sleep centres, with a large range of OSA
severities. The simultaneous use of PSG (type | or type Il home sleep test) and chest-wall
accelerometry allowed for the development of methods for accurate and robust estima-
tion of instantaneous heart rate and respiratory effort, that worked well across the target
population. Furthermore, it allowed us to evaluate the performance on a hold-out set of
207 participants, acquired across two different sleep centres, with part of the recordings
made at home.

Sleep staging and AHI estimation from cardiorespiratory metrics

The availability of methods for sleep staging and AHI estimation from instantaneous
heart rate and respiratory effort, that were previously trained on large external datasets
with a wide range of OSA severities, allowed our method to generalize well towards the
hold-out set in our cohort. Training these methods only on the training set of the present
cohort, would have led to a much higher risk of overfitting. Furthermore, the required
adaptations for tuning the method to the acceleration signals were limited. The network
for sleep staging could be left unmodified, only requiring a modification to one of the in-
puts: movement artifacts as present in the respiratory belt signals, on which the network
was trained, had to be injected in the accelerometry-derived respiratory effort. The neural
network for AHI estimation was tuned by means of transfer learning, with only 0.1% of
the weights (at the first and last layers) being retrained.

Reference scorings

The gold standard references for sleep and AHI, against which performance was deter-
mined, were based on PSG. The rules for scoring sleep stages and AHI are extensively
documented by the American Academy of Sleep Medicine in their guidelines for the scor-



152 | Chapter6

ing of sleep and associated events®. Despite these efforts, a high inter scorer variability is
inherently present in the scoring process. In a previous study of multi-scorer agreement
it was found that with three scorers, only 60% of the scored sleep stages showed full
agreement; with more scorers this proportion decreased to only 25%'"
reference in this work, multiple scorers would have been required, which was impractical.
Using only a single scorer for each recording, especially in the case of different centres
with different levels of scoring experience, could have adversely affected the reproduc-
ibility of the results.

.To have a reliable

To alleviate this problem, we resorted to automatic scoring using the commercial soft-
ware Philips Somnolyzer system'". Somnolyzer was trained on different datasets, in
which recordings were scored by multiple accredited scorers. To deal with the inter scorer
variability, Somnolyzer was trained against the consensus across the scorers. In this way,
Somnolyzer carried the knowledge of multiple experts into its scoring logic. In our study,
it allowed for an expert-level, consistent standard of scoring regardless of the origin of
the data.

Use during therapy for positional OSA

A primary limitation of this study is that all data collection occurred during PSG diag-
nosis, thus in the absence of therapy for positional OSA. We compared our device's
performance, in part, to the estimated residual AHI observed during PAP therapy. A direct
comparison, however, warrants caution. During successful positional therapy, the AHI is
expected to be reduced, significantly narrowing the range of values. Furthermore, PAP
likely alters the event distribution, potentially reducing the ratio of apneas to hypopneas
as positive pressure may convert full obstructions into partial ones even if not completely
resolved. Although we also evaluated performance in the absence of the supine position
(which mimics successful positional OSA therapy), this may not be fully representative for
the use during actual therapy in the target population. Therefore, future research should
integrate our device with positional OSA therapy in an ambulatory PSG setting to validate
performance under therapeutic conditions.

Furthermore, in the present studies, the devices were carefully mounted by clinical staff
on the thoracic respiratory belt, ensuring optimal placement. In a real-world application,
however, the device’s mounting, location (which may vary), and the fact that it would be
applied by the patient rather than clinical staff, could significantly differ. This variability in
placement and user application may influence the results and warrants investigation into
robustness across various real-world mounting scenarios.
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Potential influence of arrhythmia

A limitation of the study was that patients with known cardiac disorders such as atrial
fibrillation, were excluded. Especially heartbeat detection, which relies on local periodic-
ity may fail here, as a characteristic of atrial fibrillation is that local periodicity is often
not (fully) present. This topic requires further research; a different beat detection method
may be required.

Furthermore, it not yet known how well cardiorespiratory sleep staging works in the
presence of arrhythmia. Publications on sleep staging using cardiorespiratory signals
generally do not elaborate on the influence of heart rhythm disorders '%'*. However, it
is plausible that the erratic and chaotic nature of atrial fibrillation masks the autonomic
nervous system’s influence on the observable heart rhythm. This, in turn, could obfuscate
the relationship between the heart rhythm and both sleep stages and OSA. However,
there is evidence that cardiorespiratory sleep staging works while using beta blockers',
a common medication used to treat known comorbidities of OSA.

6.4 Applications

A system architecture

Figure 6 outlines a prototype system architecture for the measurement of sleep and
respiration using chest-wall accelerometry. The system comprises a wearable device and
a cloud component. The wearable device can be designed as a patch or integrated into a
band. It operates without skin contact or a user interface, is low in power consumption,
and compact, making it unobtrusive and suitable for continuous or nightly use. The lack
of skin contact eliminates the need for skin preparation (shaving, abrasion), prevents skin
irritations, and avoids issues related to contact deterioration over time. Additionally, as
the use of accelerometery only requires mechanical contact, it allows the sensor to be
fully embedded within the device, rather than integrated into the device's enclosure,
thereby reducing cost and enhancing reliability.

The device comprises a 3D accelerometer, data compression, memory, and a connectiv-
ity unit (either wired or wireless). The data compression concerns dimensionality reduc-
tion, filtering, downsampling, scaling, quantization, delta coding, and finally exponential
Golomb-Rice coding. The data compression is lossy, and parameters were tuned to obtain
a good compression ratio without compromising end-to-end performance. For IHR, IBI
detection was executed on the embedded device, IBls were transmitted from the device
and IHR was computed in the cloud.



154 | Chapter6

The memory may store the data for one or more nights, depending on the application
requirements. Connectivity may be through a pod (in case the device is returned to the
provider), Narrowband Internet of Things (in case of direct communication to a host), or
Bluetooth Low Energy (in case of a phone).

All further processing, including all neural network inferencing, may run in the cloud
where suitable processing power is available. As the neural networks used are relatively
small compared to modern language models (with a few hundred thousand parameters
versus billions), they can also run on phones, which have ample processing power and
memory.

The cost of the device may be low, provided a cost-down of the accelerometer is possible.
The ADXL355 accelerometer used in the study has an excellent signal-to-noise ratio but
is relatively expensive. The ADXL380 may be a suitable successor. Furthermore, sensitivity
analysis may indicate that performance holds for lower-cost accelerometers, something
that was not done in the scope of this thesis.

|
I
Memory |
! Sleep
A I—V RE > X —»
A 4 Connec- —»|  SHBes
3D Data tivity Data
Accele- » compres- - — — —» decom-
rometer sion | pression \ 4
S N :
I IHR > AHI >
I
. |
Device | Cloud

Figure 6 Prototype system architecture, comprising a wearable module that sends compressed data to
a processing module in the cloud. RE = Respiratory Effort, IHR = Instantaneous Heart Rate, and AHI =
Apnea-Hypopnea Index.

Implementations

To collect the initial raw acceleration data, a first prototype was created. This system com-
prised a portable recorder connected by cable to a device housing an accelerometer (see
Figure 7 left), which allowed data download to a PC via USB. This initial setup served as a
proof of concept for the data acquisition phase. Subsequently, to demonstrate technical
feasibility and realize the architecture proposed in Figure 6, an improved prototype was
developed. This device (see Figure 7 right) was entirely cable-free, incorporating internal
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memory and Bluetooth Low Energy (BLE) connectivity to a smartphone. The smartphone
could then upload the compressed data to a cloud service for decompression and further
processing, specifically to derive sleep stages and the Apnea-Hypopnea Index (AHI).
This improved device was built by modifying a commercial Philips NightBalance Sleep
Position Trainer, internally integrating a sensitive ADXL355 accelerometer. Critically, this
modification maintained the original enclosure and operation, requiring no external
changes to the device.

PHILIPS

Figure 7 Prototype Evolution. The Left device is the initial wired prototype, comprising an accelerometer
connected to an external recorder for raw data collection. The Right device implements the architecture
in Figure 6, featuring integrated memory, data compression, and Bluetooth Low Energy (BLE) connectiv-
ity. Scale is in centimetres.

Therapy for Positional OSA

As indicated in the introduction, the target application for this work was therapy for
positional OSA. The use of chest-wall accelerometry stemmed from positional therapy,
where an accelerometer is already used to measure the sleeping position. Therefore,
the integration of AHI estimation through chest-wall accelerometry can be relatively
straightforward. The accelerometer may need to be replaced by one with a sufficiently
high signal-to-noise ratio and data needs to be collected and uploaded towards a phone
or the cloud. The AHI and sleep statistics may then be computed and inspected off-line.
The relative cost increase may be limited, and the therapy and the use of the device do
not need to change.

Extended Holter Monitoring

OSA is often comorbid with cardiovascular disease and atrial fibrillation. OSA can worsen
cardiac outcomes, with one contributing factor the hypoxic burden resulting from apnea
and hypopnea events '**'*'. Consequently, cardiac patients may benefit from OSA treat-
ment. Although subject of debate, evidence suggests that cardiac patients may benefit
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from CPAP treatment'*°. However, the screening for OSA is often not conducted as part
of cardiac screening and diagnostics '*’. An opportunity for OSA diagnosis may be during
extended Holter monitoring by means of patches, which are typically worn at the same
body position as used the study data of this thesis. Often, an accelerometer is already
present in an extended Holter monitor, such as for example in mobile cardiac outpatient
telemetry (MCOT)', If it is sufficiently sensitive, then respiration can be measured by
means of chest-wall accelerometry. In addition, cardiac measurements can be done with
the already present ECG sensor, thereby enabling the application of the present work for
OSA diagnosis in cardiac patients without needing to change the externals or the usage
of the Holter patch.

The device impact can be limited. The internal accelerometer should be sensitive enough
and the raw acceleration data should be captured in memory (next to the raw ECG data).
The full data analysis can be done off-line. The raw acceleration data may be downsam-
pled as only respiration is required (IBls can come from ECG), such that the data storage
and transmission load only increase marginally.

Redundancy in Home Sleep Testing

The present method may also be of value in type Il or type lll ambulatory sleep tests.
Here, a patient wears a device on the chest wall, which connects to various sensors on the
body (including EEG, EMG, and EOG in case of a type Il sleep test). As these methods are
unsupervised and conducted at the home, there is a risk that one or more of the sensors
detach or suffer from contact deterioration. Having an accelerometer in the device and
implementing an architecture as in Figure 6 may serve as a backup measurement that
can save otherwise unusable tests. The extra cost for the device may be very limited as
most of the architecture, if not all, is already present in such a device. The accelerometer
needs to be sufficiently sensitive, and, as home sleep test devices typically already have
a relatively large internal memory, and upload data over an electrical connection, data
compression may not be needed.

Non-sleep applications, patient deterioration

When patients who had an intervention are dismissed from care departments to a general
ward or home, there is often a need to monitor them for a period as there is a risk of dete-
rioration or readmission. Monitoring is typically based on physiological parameters such
as pulse (heartrate), respiration rate, blood pressure, and SpO,. Each of the parameters
gets a score that increases with deviation from normal. Based on an aggregate score, an
early warning score is computed®’.

In one approach®, patients are monitored by means of an accelerometer device placed
on the lower-left rib. This device monitors pulse and respiration rate and sends regular
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updates to a monitoring centre. The contribution of our work to this application can be
twofold.

First, there may be additional diagnostic value in the monitoring of sleep and OSA. OSA
may to negatively affect cardiovascular outcomes and treatment of OSA may improve
outcomes. In one study the negative effect of surgery on sleep architecture is demon-
strated™, while in another study sleep disruptions are associated with postoperative
pain and impaired later functioning'®.

Second, the work in this thesis may improve the estimation of heart rate and respiratory
rate”, as these are the inputs to the computation of the early warning score. The nar-
row 95% limits of agreement for breathing rate and the compliance with the American
national standard for cardiac monitoring equipment, may further enhance the accuracy
of the vital parameter assessment.

6.5 Future Perspectives

Snoring

Snoring is a relevant factor in the diagnosis and management of OSA, and the ability to
detect snoring would be a valuable addition to the technology in this thesis.

Snoring is the production of sound by vibrations in the upper airways, for which a partial
closure or narrowing is required, and as such is an indicator for the potential presence of
OSA. During full obstructions, no sound is produced and therefore no snoring sounds are
generated. Because of this, the time pattern of snoring may be used for the detection of
OSA ''. As the upper airways are connected through the trachea to the lungs, the chest
wall can serve as a sounding board for snoring. An illustration is given in Figure 7, which
shows snoring signals from the contact microphone (mounted near the throat) and the
chest-wall accelerometer. The green annotations in the spectrograms represent sound
bursts, which correspond to snoring events. The annotations indicate the duration as well
as the frequency of the snore.

As may be seen Figure 8, the accelerometer spectrogram closely matches that of the
contact microphone, up to a frequency of 125 Hz. This is because the sampling frequency
of the accelerometer is 250 Hz and the spectrogram only shows content up to the cor-
responding Nyquist frequency (250 Hz / 2 = 125 Hz). Visual inspections have revealed that
some snoring sounds with fundamental frequencies higher than 125 Hz may be observed
as aliased components (folding back into the spectrum from above), indicating that the
accelerometer can potentially also detect snoring sounds with higher frequencies.
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Figure 8 Signals from contact microphone and accelerometer: a) raw contact microphone signal, b)
spectrogram of the contact microphone signal, ¢) spectrogram of the contact microphone signal with
annotated peaks, d) raw acceleration signal, e) spectrogram of the Z-axis of the raw acceleration signal,
f) spectrogram of the Z-axis of the raw acceleration signal with annotated peaks. The peak prominences
are color-coded, with red, orange, dark green and light green representing increasing prominences. The
traces at approximately 100 Hz indicate snores.

For a proper evaluation of the potential of snoring detection by means of chest-wall ac-
celerometry acquisition of new data with a higher sampling frequency is likely required.
The benefits of snoring detection may be in improved AHI estimation, e.g. through obser-
vation of the distribution of the snoring events over time'®', besides providing additional
clinical feedback regarding (positional OSA) therapy efficacy in alleviating this symptom.
The advantages of using the accelerometer for snoring are that no (extra) sensor, such as
a microphone, is required. It remains to be investigated if a sufficient percentage of the
snoring sounds are indeed observable on the chest wall and if a sufficiently sensitive and
precise classification can be achieved.
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Hypnodensity analysis

It is quite common that when multiple scorers score the same PSG, that they score a per-
centage of the epochs with different sleep stages'". Instead of representing each epoch
with a single, categorical sleep stage, it could instead be represented with a distribution
that represents the relative scoring frequencies. These relative frequencies may be inter-
preted as probabilities and visualized in a hypnodensity graph, with stacked bar plots
representing the probabilities'®>. An example of such a hypnodensity graph is illustrated
in Figure 9, with different colours indicating the probabilities of different sleep stages.

Hypnodensities can provide a richer, more detailed, and more accurate view on sleep and
especially sleep stage transitions, thereby offering increased diagnostic power '*.

Hypnodensities can also be useful during evaluation of new methods for sleep staging.
Instead of comparing predicted sleep stages against consensus scorings (the sleep stages
scored by most expert scorers), one might use the distribution of the export scorers as
a reference, through the evaluation against hypnodensities. As neural networks typi-
cally predict class probabilities (here: sleep stage probabilities) and use the class with the
highest probability as the predicted label, one could also directly compare the predicted
probabilities against the hypnodensities. Agreement could for example be quantified by
means of the cosine similarity, or intraclass correlation'®. However, care should be taken
as the probabilities generated by the neural network are “uncalibrated”, meaning they
do not necessarily reflect the true probabilities, i.e. they may be over-confident in some
classes.
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Figure 9 Hypnogram and hypnodensities from PSG, and hypnodensities and hypnogram from chest-
wall accelerometry, Red = REM, Gray = Wake, Purple = light sleep (N1+N2), Yellow = deep sleep (N3).
Hypnodensities from PSG were derived by means of Somnolyzer, while hypnodensities from chest-wall
accelerometry were obtained with CReSS.
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Such an evaluation could give a more nuanced view on the performance of a sleep stag-
ing method, as illustrated in Figure 9, which shows reference and predicted hypnodensi-
ties. As can be seen in the hypnograms, some short transitions to wakefulness that are
present in the PSG-derived hypnogram are missed in the predicted hypnogram. However,
one can see increased probabilities of wakefulness at the corresponding moments in the
predicted probabilities. These probabilities just did not cross the probability boundary to
become the most likely among the predicted classes.

Beyond evaluation, PSG-derived hypnodensities may be used for neural network training
as well. In this way, the to-be-trained method could better represent the knowledge of
the expert scorers, including their (inherent) differences in opinion. In the case of new
sensing modalities, for which the number of simultaneous recordings with gold-standard
PSG is often limited, this may alleviate the requirements for larger datasets, potentially
through techniques like transfer learning which utilize knowledge encoded in the hyp-
nodensities.

Future research on this topic may include evaluation of agreement on hypnodensities
and the tuning of the sleep staging network used in this thesis to better represent hyp-
nodensities in case of cardiorespiratory features derived from chest-wall accelerometry.
The use of learning from soft targets (the hypnodensities) is known from knowledge distil-
lation, a process where a smaller network (the student) learns from a larger network (the
teacher). In this process, the student is trained on a combined objective function that
minimizes the divergence between the student’s and teacher’s soft outputs, alongside
the standard loss on the original hard labels (the sleep stages).

Detection of atrial fibrillation and other hearth rhythm disorders

Future research may be aimed at the detection of heart rhythm disorders by means of
chest-wall accelerometry, particularly atrial fibrillation (AFib), the most prevalent heart
rhythm disorder. AFib and other arrhythmias often go undiagnosed, and screening could
prevent adverse outcomes, such as stroke'®. Furthermore, AFib and OSA are often comor-
bid, with prevalences reported up to 74%°* and (untreated) OSA being able of worsening
the cardiac outcome™'. An AFib detection method based on chest-wall accelerometry
could bring value in various applications of chest-wall accelerometry, such as positional
OSA therapy.

Detection methods for AFib frequently rely on the irregularity of IBIs, as it is one of the
most characteristic features of AFib (next to absence of P-waves in the ECG). In ECG-based
detection methods, IBIs may be derived from the timings of R-peaks in the form of RR
intervals. The variability of RR intervals may then be quantified by statistical measures,
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such as standard deviation of the RR intervals, or sample entropy. In other approaches,

machine learning algorithms are used, such as for example Hidden Markov Models'*.

In methods based on PPG, this approach may be used as well. A hidden Markov model,
trained on a large ECG dataset may be tuned to the characteristics of IBls derived from
PPG. In one study, among a population undergoing 24h Holter monitoring, this approach
was used in combination with IBls detected from wrist-PPG'®. However, IBl detection
during AFib is difficult. Not only the beat timings are variable, but the ejected blood vol-
ume is also variable. Consequently, the blood volume pulses measured by PPG are also
variable, which makes beat detection difficult. Not only are the timings and amplitudes
irregular, but the amplitudes can become very low and become hard to distinguish from
noise. This difficulty in beat detection required substantial adaptations of the hidden
Markov model, thereby potentially limiting the generalization capabilities.

It is hypothesized that this problem also occurs with IBI detection from chest-wall ac-
celerometry during AFib, as from Newton’s laws it follows that the magnitude of the ac-
celeration signal is proportional to the ejected blood volume. This problem is illustrated
in Figure 10, where two examples are given, one with a relatively regular heart rhythm
(a) and one with an irregular heart rhythm (b). Differences in the quality of IBI estimation
are clearly visible, with a relatively good agreement between IBIs derived from ECG and
chest-wall accelerometry for the more regular heart rhythm and a relatively poor agree-
ment for the irregular heart rhythm.

To detect AFib from chest-wall accelerometry, and to avoid the difficulties with IBI de-
tection during AFib, an alternative approach is of interest. Instead of relying on IBIs, an
alternative method could be based directly on the local periodicity representations (LPR,
see chapter 3), which directly represent regularity of beats, in timing (IBls) as well as in
amplitude (magnitude). The LPR for regular heart rhythms significantly differ from those
for irregular heart rhythms.

As can be seen in Figure 10, the LPR for a regular heart rhythm, shows a clear trace, while
the LPR for an irregular heart rhythm (suspected AFib) does not have this clear trace but
shows a scattered pattern. A classifier could take the LPR as input (similar to a 2D im-
age) and could classify it as arrhythmic or non-arrhythmic. Future research could include
patients with arrhythmias and detection performance could be evaluated. Note that in
Figure 10, as hypothesized, the detected IBIs in case of the irregular heart rhythm (in red)
are in poor agreement with the ECG IBIs (in blue).
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Figure 10 Examples of recordings with a regular (a) and an irregular heart rhythm (b). The top graphs
show the IBls from ECG (blue) and chest-wall accelerometry (red), while the bottom graphs show the local
periodicity representation (LPR). For the regular heart rhythm (a), the ECG and chest-wall accelerometry
IBIs match relatively well, and the spectrogram of periodicity shows a clear trace, while for the irregular
heart rhythm (b), the IBls don’t match very well, and the spectrogram of periodicity is scattered. The ECG
signal for the irregular heart rhythm recording shows an irregular sinus rhythm and has no visible P-
wave, characteristic for atrial fibrillation (c).

6.6 Conclusions

This thesis presents a novel method that can successfully measure sleep and sleep apnea
using chest-wall accelerometry. Its ability to confirm the absence of OSA suggests that it
may be used for the monitoring of OSA therapy efficacy. Its ability to detect the presence
of OSA shows that it may be used for the detection of OSA as well. In addition, it can
provide measurement of sleep architecture in substantial agreement with that derived
from PSG.

The technology can be integrated relatively easily in existing devices such as those for
positional OSA therapy and extended Holter monitoring. Patients could benefit in mul-
tiple ways: otherwise undetected OSA could be detected and treated; otherwise ineffec-
tive therapy could be adapted or even replaced to properly treat OSA, thereby improving
short term well-being and long-term outcomes.
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Returning to the patient, who should ultimately benefit from this work, the
clinical implications are multi-faceted. When prescribing positional therapy, the
pulmonologist faced a dilemma: the overall high AHI severity led to hesitancy
in recommending this less-intensive treatment. Our monitoring approach could
resolve this uncertainty, either by reassuring the clinician that positional therapy
is effective, or by promptly signaling inefficacy and allowing for timely therapeutic
adaptation or even switching to a different therapy. Furthermore, continuous
monitoring would enable clinicians to assess the sleep structure and detect issues
like sleep continuity problems. Ultimately, the future development of algorithms
for cardiac rhythm assessment could leverage this platform to detect conditions
such as atrial fibrillation, allowing for early treatment and mitigating the risk of
serious adverse outcomes.
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Measuring Sleep and Respiration with Chest-Wall Accelerometry

Obstructive Sleep Apnea (0SA) can severely impact daily wellbeing and long-term
health. Positive airway pressure -such as CPAP- remains the gold-standard OSA
treatment, and devices routinely provide an estimation of the apnea-hypopnea in-
dex (AHI) as an indicator of treatment efficacy. However, this critical feedback loop
is notably absent in other OSA treatments, such as positional therapy. Devices for
positional therapy use chest-worn accelerometers to detect body position, and

subsequently correct supine sleeping.

The work in this thesis advances the field of sleep monitoring by introducing novel
ways to use chest-worn accelerometry for clinical-grade assessment. Advanced
methods are presented to derive respiratory effort and instantaneous heart rate
solely from the accelerometer signal. By tuning neural networks trained on large
datasets, accurate sleep staging and AHI estimation algorithms were developed.
This approach enables therapeutic devices to monitor residual OSA and thus in-

crease clinical confidence in treatment outcome.




