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KEY POINTS

� Home multi-night sleep testing reduces misclassification of sleep apnea level of severity.

� Scoring of abnormal respiratory events and sleep disturbances could be assisted by artificial intel-
ligence to reduce burden of manual scoring and inter-scorer variability.

� Sleep testing methods should be low-cost, simple to install, and easy to use at home.

� Robust clinical trials are needed to validate new sensors, algorithms, and digital solutions.
INTRODUCTION Conventionally, diagnosis usually depends on
Sleep apnea is one of the most frequent chronic
diseases, affecting nearly one billion people
worldwide.1 Its prevalence is expected to
continue to increase owing to the sustained pro-
gression of obesity, sedentariness, and diabetes
epidemics that represent the most common risk
factors for sleep apnea.2 At an individual level,
sleep apnea is responsible for deterioration in
quality of life, neurocognitive dysfunctions, and
sleepiness (causing related traffic accidents).3,4

Sleep apnea is associated with a higher risk of
the occurrence and cumulation of cardiometa-
bolic comorbidities, which in turn lead to early
mortality.5–7 The impact on health systems is sub-
stantial, and in response to the burden of sleep
apnea, specific national programs have been initi-
ated to review diagnostic methods, along with the
reorganization of treatment and follow-up care
pathways.8
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overnight polysomnography in a sleep clinic, for
which there are often long waiting lists, as well
as being highly human-resource intensive. Once
diagnosed, the efficient treatments are available
to confront the medical challenge of sleep apnea.
Continuous positive airway pressure (CPAP) is
the first-line therapy for moderate-to-severe
obstructive sleep apnea (OSA) and is highly effi-
cient in improving quality of life and reducing
symptoms and sleepiness.9 The efficacy of
CPAP is less clear concerning reduction in the
risk of cardiovascular diseases and mortality, but
there is strong evidence from real-word studies
of a positive impact10,11 of OSA treatment. Positive
airway therapies also reduce health-related costs,
particularly in the comorbid combinations of sleep
apnea and chronic obstructive pulmonary disease
(COPD),12 or sleep apnea and type 2 diabetes.13

Although often ignored in the past, for all these
reasons there is an increase in sleep apnea
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awareness among health care professionals,
health insurers, and individuals having risk factors
of sleep apnea. Therefore, in recent years, there
has been a huge increase in the demand for sleep
apnea diagnosis and treatment pathway work-
flows. For example, a national registry study in
Finland reported a continuous increase in the soci-
etal burden caused by sleep apnea over the last
20 years, constant progression in outpatient visits
in primary and secondary care and an increase in
the cumulative annual number of days off work
for sleep apnea.8 In the Finnish case, to meet
these growing demands, diagnostic methods
were simplified and more often conducted in an
ambulatory setting, treatment pathways were
revised, and patient follow-up was reorganized.
Consequently, despite a remarkable increase in
the number of patients, there was a significant
decrease in societal costs per patient.8 This is a
pragmatic demonstration that the urgently needed
reforms in sleep apnea diagnosis and treatment
workflow are feasible, benefiting both patients
and society as a whole.14,15

Advances to Be Made in Sleep Apnea
Diagnosis

This review aims to summarize the main improve-
ments that could be made in sleep apnea diag-
nosis. We do not discuss sleep apnea symptoms
or specific clinical contexts. Several major issues
are addressed.

1. Patients and caregivers share expectations for
the rapid deployment of simplified and home
sleep testing. Multi-night assessment certainly
represents the future, avoiding misclassifica-
tion of sleep apnea level of severity.

2. The introduction of novel technologies and sen-
sors (after appropriate validation as medical
devices) or end-to-end diagnostic solutions is
necessary.

3. Scoring of abnormal respiratory events and
sleep disturbances should be supported by
automated devices and interpretable artificial
intelligence.

4. New approaches to sleep apnea diagnosis
should be appropriate to meet the size of the
epidemiologic problem. Testing methods
should be low-cost and easy-to-use to allow
dissemination at all scales in diverse health
systems.

Multi-Night Home Sleep Apnea Testing

The American Academy of Sleep Medicine has
established clinical practice guidelines supporting
home sleep apnea testing (HSAT) with technically
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adequate devices for the diagnosis of OSA in “un-
complicated adult patients presenting with signs
and symptoms that indicate an increased risk of
moderate to severe OSA” (Strong Recommenda-
tion).16 In patients with a high pretest probability
of OSA without unstable comorbidities, comorbid
insomnia, or suspicion of nocturnal hypoventila-
tion, HSAT now represents the standard of care
in many countries.
However, it is currently widely accepted that for

patients with mild-to-moderate sleep apnea, a sin-
gle night of polysomnography or HSAT can lead to
misclassification of disease severity in nearly one-
third of patients. This is explained by the substan-
tial night-to-night variability in the apnea–
hypopnea index (AHI)17–19 and unevenness in
sleep quality.20 Also, up to 21% of patients might
be overdiagnosed, whereas 7% might be under-
diagnosed based on a single-night AHI value.21

In-laboratory sleep studies probably exacerbate
misclassifications when compared with at-home
measurements as place and type of recording
are modulating factors susceptible to influencing
the AHI. The “first night effect” is probably higher
in the sleep laboratory owing to the unusual sleep
environment leading in turn to changes in sleep ar-
chitecture, different sleep positions, and conse-
quently variations in respiratory event indices.17

Sleep body position is largely determined by the
recording device used, as some devices affect
the ability to sleep in a lateral decubitus position.
In summary, among the current requirements for

an accurate diagnostic workup of OSA, it is now
time that at-home multi-night testing becomes
mainstream practice.22 Such a multi-night sleep
testing strategy has been challenged due to
potentially higher health care costs and greater
inconvenience to patients. However, newly avail-
able digital medicine end-to-end diagnostic solu-
tions will significantly simplify at-home multi-night
testing allowing efficient cost-effective diagnostic
pathways to be implemented.21,23–27
Knowledge Gaps and Research Perspectives

Number of nights of sleep testing
The number of nights of sleep testing required for a
reliable and accurate OSA diagnosis is still under
debate.22,28,29 The optimum number of nights
required is a compromise between the inconve-
nience for the patient, cost-effectiveness, and
the precision required for clinical decision-
making. Most of the studies addressing night-to-
night variability in AHI have been conducted over
two or three consecutive nights. Recently, Lechat
and colleagues21 have amassed an impressive
amount of home sleep data to describe the
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variability and misclassification of OSA. Using a
noninvasive under-mattress sensor technology,
67,278 individuals aged between 18 and 90 years
underwent in-home nightly monitoring over an
average of approximately 170 nights per partici-
pant.21 The main “inflection” point of the number
of nights versus diagnostic confidence curves oc-
curs between 5 and 10 nights, after which there is
only a relatively small improvement in diagnostic
performance.29 Undertreatment probability drops
to 14% and overtreatment to 6% with a 5-night
diagnostic test corresponding to an approximately
twofold increase in overall diagnostic
performance.29

The number of nights required is probably also
related to the diagnostic performance of the diag-
nosis tool used and the typology of patients. Some
sleep apnea phenotypes are associated with
higher AHI variability, particularly mild-to-
moderate OSA, OSA with comorbid insomnia
and/or cardiovascular diseases, and behavioral
and lifestyle factors such as alcohol consumption.
A pragmatic view might be to start with 5 nights for
all patients and in case of large night-to-night vari-
ability, extend to 7 to 10 nights.

Apnea–hypopnea index variability: A new
metric for sleep apnea diagnosis and clinical
decision-making
Sole reliance on the AHI for the classification of
OSA severity has been challenged30 as it may
not precisely reflect the OSA-related hypoxic
burden and acute cardiovascular responses that
are the best predictors of long-term hard out-
comes and mortality.11 In the quest for metrics to
better characterize OSA severity and to guide ther-
apeutic decisions, information gained by multi-
night recordings might change practices. It is un-
known whether the mean, median, or standard de-
viation of AHI will be a better predictor of
outcomes. This question has been recently nicely
addressed for atrial fibrillation31 and the occur-
rence of malignant ventricular arrhythmias in heart
failure patients appropriately treated with implant-
able cardioverter-defibrillators.32 There was a sig-
nificant association between the variability in
sleep-disordered breathing recorded over several
nights and the number of appropriate shocks.
Very recently, it has been shown that a single-
night assessment of OSA failed to detect any as-
sociation with hypertension. Conversely, the asso-
ciation with hypertension was clearly detected
when AHI was measured over�28 nights.33 These
details are of fundamental importance when aim-
ing to develop risk prediction analyses or perform-
ing clinical trials in the OSA field. Also, studies
assessing the link between the variability of AHI
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at diagnosis and simple clinical outcomes such
as excessive daytime sleepiness, quality of life,
or long-term CPAP adherence are missing so far.

Implementation of Novel Technologies,
Sensors, and End-to-End Solutions

Polysomnography provides three main categories
of information required for accurate sleep apnea
diagnosis (Fig. 1): sleep characterization (ie, archi-
tecture, microstructure, and fragmentation); num-
ber and nature of respiratory events (ie, apneas,
hypopneas, respiratory effort-related arousals,
and central vs obstructive components); and acute
cardiorespiratory responses (ie, sympathetic ac-
tivity and hypoxic burden). To capture all these
data, multiple sensors are needed requiring long
installation times, specialized technical expertise
for scoring, and continuous monitoring during the
night of the multiple recording channels by a sleep
professional. Automated scoring of polysomnog-
raphy has been introduced to ease the task of
sleep technicians and render the scoring more
objective.34,35

A major step forward for the easy implementa-
tion and smooth running of new diagnostic pro-
cedures would be to validate and render
available a limited number of innovative sensors
and metrics, able to summarize all the information
needed to determine sleep disorder pathophysi-
ology and classify disease severity. Indeed, a
plethora of technologies has emerged to diagnose
sleep apnea in the home setting. Mandibular jaw
movements (MJMs),23–25,36 photoplethysmogra-
phy (PPG), and peripheral arterial tone26,37 are
among the most promising techniques that have
already been shown to perform well in different
research and clinical settings.

Mandibular Jaw Movements

There are new technologies for detecting and
recording MJM in the home setting. A sensor
taped on the chin captures inertial energy in a
three-dimensional system of measurement
providing data from a total of six derived channels
(Sunrise).23–25 At a given point in time, some chan-
nels are more informative than others depending
on the position of the body, head, and mandible.

The mandibular jaw plays the role of a prop sta-
bilizing the pharynx, ensuring upper airway
patency, and reducing upper airway resistance in
the presence of negative and suctioning pressure
inside the airways during inspiration. MJMs reflect
both respiratory drive and variations in the respira-
tory effort (RE), which typically occur during
abnormal respiratory events. This reliable mea-
surement of respiratory drive/effort allows an
ouvain à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
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Fig. 1. Transition from the conventional sleep apnea diagnostic pathway based on overnight polysomnography
in a sleep clinic to home multi-night testing based on new innovative sensors and digital solutions. Polysomnog-
raphy (PSG) in a sleep clinic includes many different recording channels: brain activity (EEG), eye movements
(EOG), muscle activity (EMG), heart rhythm (ECG), abdominal movement (ABD), and so forth. Home sleep testing
has fewer recording channels: mandibular jaw movements (MJM), peripheral arterial tonometry (PAT), and pho-
toplethysmography (PPG).
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accurate identification of obstructive versus cen-
tral events38 and a unique characterization of the
cumulative burden of RE throughout the night.36

MJMs are the net result of the activation of
brainstem respiratory and sleep centers and their
respective interactions.24 This interaction modu-
lates the amplitude and frequency of MJM across
the different sleep stages allowing sleep staging.24

During light sleep (N2), the amplitude of MJM is of
several tenths of a millimeter and varies slightly.
The amplitude of MJM increases during normal
deepening of sleep into non-rapid eye movement
sleep (N3) when upper airway resistance is known
to increase. N3 MJM is also more stable than dur-
ing N2. Rapid eye movement (REM) sleep is easily
identified by irregular frequencies and changing
amplitudes in MJM reflecting tonic and phasic
sleep. MJM amplitudes during REM are on
average smaller than non-REM sleep amplitudes.
At present, the only known limitation of MJM is

difficulty in fixing the sensor to the chin of men
with abundant beards.

Photoplethysmography and peripheral arterial
tonometry
PPG and peripheral arterial tonometry (PAT) are
noninvasive measurements reflecting sympathetic
activity. PPG measures small variations in light
Téléchargé pour Anonymous User (n/a) à Catholic University of Louvain
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absorption associated with changes in tissue
perfusion, usually at the fingertip.39 The pulsatile
component of the waveform reflects changes in
blood volume occurring with each heartbeat and
the amplitude between pulsatile changes reflects
autonomic tone.39 PAT measures the pulsatile
arterial volume at the finger, which depends on
sympathetic activity, providing a window into the
autonomic nervous system.
Most respiratory events in sleep apnea end in

cortical and/or autonomic arousals leading to pe-
ripheral sympathetic activation. Intrinsically, PAT
and PPG signals have the potential to identify
micro-arousals associated with these surges in
sympathetic activity ending the respiratory events.
Sympathetic activation causes vasoconstriction
and heart rate acceleration resulting in attenuation
of the PAT and PPG signals. The interval between
micro-arousals then corresponds to the frequency
of respiratory events. The combination with other
signals, such as SaO2, snoring, and thoracic
impedance, can improve performances and com-
plete PAT and PPG information. In addition, mea-
surement of the tonic and phasic sympathetic
tones and their variations also allows an estimation
of sleep stages and total sleep time.
The combination of simultaneous assessment of

PAT/PPG with two or three additional signals
 à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
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(including SaO2) allows us to derive a comprehen-
sive characterization of sleep architecture and the
main indices of sleep apnea severity. Two devices
integrated into digital solutions are already avail-
able on the market (ie, WatchPAT and NightOwl).
They work with acceptable levels of perfor-
mances.37,40 However, misclassification can
occur for mild- and moderate-severity classes of
sleep apnea, whereas the recognition of severe
sleep apnea is good. Once again (see paragraph
above), use over multiple nights represents a solu-
tion to increase the robustness of these ambula-
tory home-based diagnostic tools.

Automated Devices and Artificial Intelligence
for Scoring Respiratory Events and Sleep
Disturbances

The manual scoring of respiratory and sleep
events requires expert specialist staff and is very
time- and human-resource-consuming. Moreover,
manual scoring and the classification of sleep
epochs have two essential drawbacks.

Manual scoring is associated with large intra-
and inter-scorer variability
This significant limitation persists even in well-
trained teams and despite well-established
scoring criteria. In a recent study,25 we compared
home sleep testing using mandibular movements
(MJMs) with at-home polysomnography that was
blindly scored by two expert centers (in Grenoble
and London). There was significant variability
among the experienced experts (ie, inter-scorer
agreement reached only 80%) despite the use of
standardized scoring criteria. These discrepancies
have been known for many years and are present
even in centers with highly trained staff.41 The
magnitude of this difference between centers
was similar to the difference between the machine
learning automated scoring of MJMs compared
with the respiratory disturbance index calculated
from both the Grenoble and London PSG manual
scorings. This demonstrates that the automatic
scoring of sleep and respiratory events offers
many advantages beyond simply a reduction in
the human resources needed for routine manual
scoring and a reduction in the subjectivity associ-
ated with manual scoring. Overall, automated al-
gorithms for scoring sleep and respiratory events
have now achieved an acceptable level of accu-
racy and agreement close to 85% with manual
scoring.42 A common strategy being introduced
in the routine practice of many sleep laboratories
is to start with automated scoring followed by an
auto-edited approach, especially when there are
inconsistencies between pretest probability and
the results of the automated scoring.
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Epoch-Based Manual Scoring Fails to Capture
Much Information Contained in the Signals

The recognition of a respiratory event limited to
preestablished criteria leads to an artificial discon-
nection between interlinked physiologic and path-
ophysiologic events with the loss of the
understanding of temporal links or the dynamics
of specific event trajectories. This reduces the
richness of the physiologic signals available with
the loss of important information relevant to the
patient’s diagnostic characterization and thera-
peutic decision-making. It is now well known that
AHI is not the perfect metric for sleep-disordered
breathing29 and is poorly correlated with out-
comes. Other, previously often overlooked quanti-
fiable overall features within polysomnographic
data such as the hypoxic burden or acute cardio-
vascular responses to respiratory events have
recently been demonstrated as being more
strongly related to poor prognosis than AHI.30 No
doubt, in the near future, diagnostic nights will
include metrics more representative of what is
truly related to symptoms, quality of life, and
hard outcomes. Current conventional scoring
does not capture the cumulative burden of sympa-
thetic tone, sleep microstructure, and RE, all key
consequences of the repetitive occurrence of res-
piratory events during sleep. Overnight sympa-
thetic tone is possible to capture by PPG and
PAT signals and we need studies showing the
impact of the cumulative elevation in sympathetic
activity during the night on hard outcomes in the
context of OSA. It has been recently demonstrated
that fine-tuning microstructure changes (ie, slow-
wave activity and sleep spindles) allow the identi-
fication of indices that are strong predictors of inci-
dent hypertension.43 Increased RE is one of the
main features of OSA and is associated with sym-
pathetic overactivity, leading to increased vascular
wall stiffness and remodeling. We have recently
demonstrated that the proportion of sleep time
spent with increased RE (automatically derived
from MJM by machine learning analyses) is poten-
tially a reliable new metric to predict prevalent hy-
pertension in patients with OSA.36
Automation and interpretable artificial
intelligence
Overall, it appears obvious that algorithmic met-
rics and artificial intelligence have the capabilities
to enrich diagnosis and support risk prediction in
OSA by conveying more information than classical
PSG metrics. They will provide metrics that reflect
more accurately the sleep-related dynamics of
disease burden and the associated risks. To
convince the sleep community, and in particular
ouvain à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
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Fig. 2. The place of digital solutions in the sleep apnea diagnostic pathway. The virtual sleep laboratory would
collect measurements made by the patient themselves or with the help of a carer, nurse, or sleep technician, such
as patient reported outcome measures (PROMS), respiratory rate (RR), heart rate (HR), blood pressure (SBP and
DBP), physical activity, daytime sleepiness, self-reported sleep disturbance, and then data from home sleep tests
over several nights using innovative sensors. Comorbidities might necessitate a conventional polysomnography.
Data could initially be analyzed using automated ML algorithms with recourse to the sleep clinician when in
doubt. The treatment decision should be made at a face-to-face or video consultation with the sleep physician
in the light of all available data. DPB, diastolic blood pressure; ML, machine learning; SBP, systolic blood pressure.
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clinicians, of their relevance and value algorithmic
codes and software should be made readily avail-
able, open access, and easily sharable between
laboratories worldwide to allow replicability. Ma-
chine learning and artificial intelligence are power-
ful tools but are often considered "black box"
methods due to their complexity, generating disil-
lusionment and distrust. It is crucial that the
models and outputs remain reasonably interpret-
able by sleep experts in terms of physiologic and
pathophysiologic patterns.44 Direct collaborations
between the end users (clinicians), and the target
audience (patients) in model conception and
development are mandatory and will increase
trustworthiness and hence dissemination in the
field. It is a new challenge for scientific sleep soci-
eties to propose a set of best practices for valida-
tion studies and guidelines regarding the use of
these tools and the new metrics they generate.
Accordingly, a recent systematic review found
that despite the large number of medical machine
learning-based algorithms and digital tools in
development for medicine, only a few randomized
controlled trials (RCTs) of rather low quality have
been conducted for these technologies.45
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New Diagnostic Approaches Appropriate to
the Size of the Epidemiologic Problem

Despite the potential of innovative diagnostic
pathways to improve multiple aspects of patient
care, barriers to their large-scale clinical adoption
exist. There is a need to reinvent not only the diag-
nosis tools but also the patient’s complete journey
from suspicion of OSA to long-term treatment
follow-up. For the workup of patients suspected
of sleep apnea, technological innovation should
certainly be introduced in the form of a remote dig-
ital infrastructure, often called a “virtual sleep lab-
oratory”27 (Fig. 2). The virtual sleep laboratory
would propose preliminary screening with, if
appropriate, a recommendation for a home sleep
test (ideally over multiple nights), data collection,
and interpretation in a digital pipeline, strictly
following data privacy rules. This type of frame-
work should also propose an initial clinical evalua-
tion that includes appropriate patient-reported
outcomes as these will contribute to compliance
with therapy. A second virtual or face-to-face
consultation would allow treatment decision-
making shared with the patient and inclusion in
the treatment follow-up management pathway. A
 à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
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� New technologies should permit diagnostic
sleep tests to be performed over several
nights at home.

� Night-to-night variability in the apnea–
hypopnea index should be included in
obstructive sleep apnea severity classification.

� Alongside and in addition to classical sleep
laboratories the “virtual sleep laboratory”
should be developed.
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specialized nurse or sleep technician could super-
vise quality control and the progress of the patients
through thediagnostic pathwayandensure that the
sleep physician has access to home sleep test re-
sults for the final treatment decision. Complex
cases, including patients with comorbidities, might
be directly redirected to the classical diagnostic
pathway of in-laboratory evaluation after the first
consultation or after home sleep testing. Although
such an organization is highly attractive to improve
access to sleep apneadiagnosis, there are twoma-
jor issues to address. First, the governance and
management of these virtual infrastructures should
certainly remain under the supervision of board-
certified sleep physicians rather than private com-
panies. Second, the dissemination of these digital
solutions will push national health agencies to find
new reimbursement models covering all aspects
of the diagnostic pathways and not each activity
separately (ie, consultations, HSAT) throughout
the diagnostic workflow. Some studies have
already examined the feasibility of such ap-
proaches and patient satisfaction. For example,
virtual management has been evaluated in atrial
fibrillation outpatient clinics27 showing a shorter
time to diagnosis and high patient satisfaction. Of
note, previously undiagnosed sleep apnea was
frequently detected and the patient prescribed
sleep-disordered breathing treatments in associa-
tion with atrial fibrillation ablation.27
CONCLUSION AND PERSPECTIVES

The increase in awareness and knowledge about
sleep apnea among both the general public and
health professionals necessitates a quick and
effective response to meet the growth in demand
for health care services dedicated to the diagnosis
and follow-up of OSA patients.15,46 In this review,
we have identified new initiatives, key areas for
further research, gaps in our knowledge, and is-
sues to be solved before being able to translate
and scale up promising innovations into routine
practice. The expansion and dissemination of
these new technologies into clinical settings
require greater communication between sleep
medicine experts, sleep-learned societies, and
companies. It is the role of policymakers and the
scientific community to ask for a robust demon-
stration of performance and cost-effectiveness in
improving key patient-centered outcomes.34,47

There is a potential that the implementation of dig-
ital technology and cloud-based analysis and data
sharing will foster complementarity and inter-
change between conventional sleep laboratories
and virtual sleep laboratories, improving access
to care and reducing health care fragmentation.
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10. Pépin JL, Bailly S, Rinder P, et al. Relationship be-

tween CPAP termination and all-cause mortality: a

French nationwide database analysis. Chest 2022;

161(6):1657–65.
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30. Lévy P, Tamisier R, Pépin JL. Assessment of sleep-

disordered-breathing: quest for a metric or search

for meaning? J Sleep Res 2020;29(4):e13143.

31. Linz D, Brooks AG, Elliott AD, et al. Variability of

sleep apnea severity and risk of atrial fibrillation:

the VARIOSA-AF study. JACC Clin Electrophysiol

2019;5(6):692–701.

32. Mazza A, Bendini MG, Bianchi V, et al. Association

between device-detected sleep-disordered breath-

ing and implantable defibrillator therapy in patients
 à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
risée. Copyright ©2024. Elsevier Inc. Tous droits réservés.

http://refhub.elsevier.com/S1556-407X(23)00037-1/sref5
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref5
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref5
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref5
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref5
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref6
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref6
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref6
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref7
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref7
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref7
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref7
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref8
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref8
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref8
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref8
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref9
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref9
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref9
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref9
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref9
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref10
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref10
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref10
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref10
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref11
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref11
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref11
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref11
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref12
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref12
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref12
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref12
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref12
https://doi.org/10.5664/jcsm.10388
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref14
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref14
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref14
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref15
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref15
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref15
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref16
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref16
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref16
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref16
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref16
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref17
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref17
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref18
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref18
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref18
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref19
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref19
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref19
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref19
https://doi.org/10.1093/sleep/zsac319
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref21
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref21
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref21
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref21
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref22
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref22
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref22
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref23
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref23
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref23
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref23
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref23
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref24
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref24
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref24
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref24
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref24
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref25
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref25
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref25
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref25
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref25
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref26
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref26
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref26
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref27
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref28
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref28
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref28
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref28
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref29
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref29
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref29
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref30
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref30
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref30
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref31
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref31
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref31
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref31
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref32
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref32
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref32


Approach for Diagnosing Sleep Apnea 309
with heart failure. JACC Clin Electrophysiol 2022;

8(10):1249–56.

33. Lechat B, Nguyen DP, Reynolds A, et al. Single night

diagnosis of sleep apnea contributes to inconsistent

cardiovascular outcome findings. Chest 2023.

https://doi.org/10.1016/j.chest.2023.01.027. S0012-

3692(23)00157-00165.

34. Lechat B, Scott H, Naik G, et al. New and emerging

approaches to better define sleep disruption and its

consequences. Front Neurosci 2021;15:751730.

35. Choo BP, Mok Y, Oh HC, et al. Benchmarking perfor-

mance of an automatic polysomnography scoring

system in a population with suspected sleep disor-

ders. Front Neurol 2023;14:1123935.

36. Martinot JB, Le-Dong NN, Malhotra A, et al. Respira-

tory effort during sleep and prevalent hypertension in

obstructivesleepapnoea.EurRespir J 2022;2201486.

37. Iftikhar IH, Finch CE, Shah AS, et al. A meta-analysis

of diagnostic test performance of peripheral arterial

tonometry studies. J Clin Sleep Med 2022;18(4):

1093–102.

38. Pepin JL, Le-Dong NN, Cuthbert V, et al. Mandibular

movements are a reliable noninvasive alternative to

esophageal pressure for measuring respiratory

effort in patients with sleep apnea syndrome. Nat

Sci Sleep 2022;14:635–44.

39. Ioachimescu OC. On PAT, patterns and paths. Sleep

2022;45(5):zsac057.

40. Massie F, Mendes de Almeida D, Dreesen P, et al.

An evaluation of the NightOwl home sleep apnea
Téléchargé pour Anonymous User (n/a) à Catholic University of L
Pour un usage personnel seulement. Aucune autre utilisation n´e
testing system. J Clin Sleep Med 2018;14(10):

1791–6.

41. Magalang UJ, Chen NH, Cistulli PA, et al. Agreement

in the scoring of respiratory events and sleep among

international sleep centers. Sleep 2013;36(4):591–6.

42. Fiorillo L, Puiatti A, Papandrea M, et al. Automated

sleep scoring: a review of the latest approaches.

Sleep Med Rev 2019;48:101204.

43. Berger M, Vakulin A, Hirotsu C, et al. Association be-

tween sleep microstructure and incident hyperten-

sion in a population-based sample: the HypnoLaus

study. J Am Heart Assoc 2022;11(14):e025828.

44. Vollmer S, Mateen BA, Bohner G, et al. Machine

learning and artificial intelligence research for pa-

tient benefit: 20 critical questions on transparency,

replicability, ethics, and effectiveness. BMJ 2020;

368:l6927.

45. Plana D, Shung DL, Grimshaw AA, et al. Random-

ized clinical trials of machine learning interventions

in health care: a systematic review. JAMA Netw

Open 2022;5(9):e2233946.

46. Baumert M, Cowie MR, Redline S, et al. Sleep char-

acterization with smart wearable devices: a call for

standardization and consensus recommendations.

Sleep 2022;45(12):zsac183.

47. An J, Glick HA, Sawyer AM, et al. Association be-

tween positive airway pressure adherence and

healthcare costs among individuals with obstructive

sleep apnea. Chest 2023. https://doi.org/10.1016/j.

chest.2023.01.025. S0012-3692(23)00132-00140.
ouvain à partir de ClinicalKey.fr par Elsevier sur janvier 15, 2024. 
st autorisée. Copyright ©2024. Elsevier Inc. Tous droits réservés.

http://refhub.elsevier.com/S1556-407X(23)00037-1/sref32
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref32
https://doi.org/10.1016/j.chest.2023.01.027
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref34
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref34
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref34
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref35
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref35
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref35
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref35
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref36
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref36
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref36
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref37
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref37
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref37
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref37
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref38
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref38
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref38
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref38
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref38
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref39
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref39
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref40
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref40
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref40
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref40
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref41
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref41
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref41
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref42
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref42
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref42
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref43
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref43
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref43
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref43
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref44
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref44
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref44
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref44
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref44
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref45
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref45
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref45
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref45
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref46
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref46
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref46
http://refhub.elsevier.com/S1556-407X(23)00037-1/sref46
https://doi.org/10.1016/j.chest.2023.01.025
https://doi.org/10.1016/j.chest.2023.01.025

	Creating an Optimal Approach for Diagnosing Sleep Apnea
	Key points
	Introduction
	Advances to Be Made in Sleep Apnea Diagnosis
	Multi-Night Home Sleep Apnea Testing
	Knowledge Gaps and Research Perspectives
	Number of nights of sleep testing
	Apnea–hypopnea index variability: A new metric for sleep apnea diagnosis and clinical decision-making

	Implementation of Novel Technologies, Sensors, and End-to-End Solutions
	Mandibular Jaw Movements
	Photoplethysmography and peripheral arterial tonometry

	Automated Devices and Artificial Intelligence for Scoring Respiratory Events and Sleep Disturbances
	Manual scoring is associated with large intra- and inter-scorer variability

	Epoch-Based Manual Scoring Fails to Capture Much Information Contained in the Signals
	Automation and interpretable artificial intelligence

	New Diagnostic Approaches Appropriate to the Size of the Epidemiologic Problem

	Conclusion and perspectives
	Clinics care points
	Disclosure
	Funding
	References


