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Why artificial intelligence (Al)?

The convergence of large datasets, greater computing power
and algorithmic advances has opened the door for Al to be
applied across a wide range of industries. In particular, it is
the promise of machine learning (ML) which underpins this
new potential. ML comprises a versatile range of techniques,
from neural networks that can analyse imaging or text, to
sophisticated predictive models, and is defined by an ability
to ‘learn’ from the data it is shown. Rather than following
rules (e.g., “if blood test X is elevated and blood test Y
remains static, suggest Z”), a ML algorithm will identify
the relevant patterns in the data for performing the task at
hand. These techniques excel at identifying complex, non-
linear relationships within large quantities of data and can
update their performance as new data are collected. This
enables the rapid and scalable development of tools that
previously required laborious manual input or were simply
not possible. In healthcare, examples where such approaches
have matched clinician performance include in the screening
of breast cancer (1), identifying colonic polyps (2) and
recognising sight-threatening retinal disease (3). In sleep
medicine, it has shown promise in supporting the diagnosis
of OSA (4-6) and narcolepsy (7), personalising treatment (8)
and enhancing pathophysiological understanding.

Utilising all data points through convolutional
neural networks

As clinicians now move towards a phenotypic approach
to understanding and offering treatment to patients
with OSA (9), more factors can be considered prior to
offering treatment; in addition to the large amounts of
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electrophysiological data recorded by polysomnography
(PSG). Factors which may help determine treatment for
sleep patients include the body mass index (BMI), pharyngeal
critical closing pressure (Pcrit), upper airway dilator muscle
recruitment (10), respiratory arousal threshold (11) and
ventilatory feedback control (loop gain) (12), and the success
of previous treatments as determined by factors such as the
Apnoea Hypopnoea Index (AHI) and Epworth Sleepiness
Score (ESS). Al algorithms operate best, by learning from
large data sets with multiple data points, to determine
optimal treatment options through constantly developing
layered mathematical models. More data points help increase
its accuracy.

Supporting upper airway analysis

The upper airway is a complex structure and partially
determines treatment options. The pharynx is fully
collapsible (13), and airway occlusion can occur in
different degrees in different patients, with a proportional
worsening with age (14,15). Upper airway anatomy can
be assessed using endoscopy, magnetic resonance imaging
and ultrasonography. Convolutional neural networks are
a relatively novel ML technique which excel at analysing
images. There is the potential to extract useful information
from these imaging modalities, if appropriate datasets are
developed. Computational fluid dynamic modelling is a
method for analyses of airflow through the human upper
airway via imaging. Computational analysis of airflow, in
combination with geometries based on medical imaging
such at CT or MRI, may provide insights into sleep
pathology and diagnosis. Yeom ez al. [2019] (16), were able
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to identify the severity of OSA (mild, moderate/severe)
with a greater than 80% accuracy in 55 patients using this
approach, in this proof of concept study which used only
a limited number of upper airway landmarks (7) for their
computational modelling.

ML conceptual studies to improve diagnostic
pathways

Investigations for OSA, including PSG and home sleep
apnoea testing (HSAT), are resource-intensive. Al may
enable the development of non-intrusive tools that are
less resource-intense, supporting diagnosis outside of the
clinical sleep medicine setting in the future.

Groups have looked at analysing physiological signals
such as oxygen saturation (SaO2), respiratory rate and
single-lead ECGs with Al to support OSA screening.
Papini et al. [2019] used ECG-based features, creating
algorithms, to help detect OSA-related events, and found a
good correlation to the AHI (0.72 correlation, estimation
error 0.56+14.74 events/h), and could screen a large range
of OSA severities [area under the ROC-curve (AUC)
>0.86, Cohen’s kappa >0.53 and precision >70%] (4). Behar
et al. trained a logistic regression classifier on SaO2 and
demographic data to achieve an AUC of 0.94, as well as
an AUC of 0.92 when using oximetry data alone, at times
outperforming questionnaires such as the STOP-BANG
screening questionnaire (5). Other groups have looked at
multi-class detection of mild, moderate and severe OSA.
By combining at-home oximetry and airflow recordings,
Alvarez et al. achieved an intra-class correlation (ICC)
coefficient of 0.93 between estimated and actual apnoea-
hypopnea index (AHI) score (6). The increasing adoption
of wearable technology offers exciting potential for new
approaches to screening. For example, the Apple Watch®
now offers ECG recording, and other portalable devices
such as ARES® (Watermark Medical, Southern US) and
ApneaLink® (ResMed, California) offer measurement of
oximetry and airflow.

Stretch er al. used pre-HSAT questionnaires,
demographic and health data to build a mixture of ML
models to predict which patients would have non-diagnostic
HSAT results. Their best performing model, using a
random forest algorithm, achieved a sensitivity of 46% and
a specificity of 95% (17). The most important variables
for the model, perhaps predictably, were age, weight and
BMI, but these were combined with scores on the Berlin
Questionnaire, PHQ-9, STOPBANG and Insomnia
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Severity Index, amongst others.

At present, analysis of PSG recordings requires manual
feature extraction, as signal must be identified amongst the
noise. Analysing PSG waveforms using convolutional neural
networks, which specialise at processing visual data, may
enable the automatic extraction of features, that can help
to overcome inter-scorer variability. The algorithm will
continue to improve its accuracy as it ‘learns’ the more data
that are channelled through.

Narcolepsy, another common sleep condition, is assessed
using PSG and a Muld Sleep Latency Test (MSLT). In
a multicentre study, Stephansen ez 4/. developed a neural
network capable of automating sleep stage scoring, enabling
diagnosis of narcolepsy via PSG data alone (7), with the
model outperforming individual expert scorers by achieving
a 91% sensitivity and a 96% specificity (70 subjects,
6 scorers across 3 centres). By utilising the sleep trends
that deep learning techniques are able to identify, it may
be possible to significantly reduce the costs associated with
diagnosis. These techniques can be applied to diagnosing
OSA from automated PSG analysis in addition to predicting
adherence to continuous positive airway pressure (CPAP)
treatment.

Predicting non-adherence and non-responders to
therapy

CPAP is the gold-standard treatment for patients with
OSA (18), but non-adherence is as high as 50-60%
(19-21), due to varying factors including nasal resistance,
claustrophobia high mask pressures and mucosal dryness
(19-21). Other factors predicting non-adherence include
male sex, lower OSA severity, less snoring, lower AHI,
lower BMI and use of hypnotic drugs (22), and even
smoking status (20). Al may facilitate personalised treatment
decisions, by predicting risk of non-adherence by factoring
in data such as these, in addition to the aforementioned
anatomical and physiological differences between patients.
Rafael-Palou er al. [2018] showed that, in theory, it is
possible to predict CPAP adherence against clinical features
prior to CPAP achieving an F1-score of 75% (23). (The F1-
score is a common metric for Al models, which essentially
measures the balance of sensitivity and specificity — with
100% a perfect score and 0% the worst possible score.)

In mild-to-moderate cases of OSA, oral appliances are
recommended (24). However, they are not as effective as
CPAP in improving the objective markers of the AHI, and
many patients may not derive satisfactory benefit (8). In a
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prospective study, Remmers ez 4/. developed an Al-powered
feedback-controlled mandibular positioner test (FCMP) for
home-use (8). It was able to predict responders and non-
responders with an 85% sensitivity and 93% specificity,
and also identify the optimal level of mandibular protrusion
for effective treatment in 86% of cases. These predictive
accuracy are comparable to similar in-laboratory studies (8).
Interestingly, the algorithm seemed to suggest optimal
protrusion lengths without resorting to unnecessarily
high protrusions, possibly contributing to future long-
term tolerance and side effect reduction. Such a tool may
empower patients with self-management, which may in turn
improve treatment adherence.

Important considerations

Though we have touched on some early implementation
of ML and Al in sleep medicine, careful consideration
surrounding real-world implementation is needed to ensure
it is done effectively. Ultimately, studies to date have been
descriptive in nature, and using well-designed randomised-
controlled trials will be important for providing evidence-
based justification. Additional considerations include
the logistical challenges of incorporating Al tools into
workflows, as well as the need for staff training. These will
require close collaboration between manufacturers and sleep
disorder centres to ensure the benefits and reliability of AL

More broadly, the risks of exacerbating health inequalities
when using ML-enabled tools must be mitigated by
ensuring the use of diverse datasets to ‘train’ the algorithm.
This issue is compounded by the use of non-publicly
available datasets. Algorithms, particularly in screening
tools, must be able to generalise to a heterogenous
population. In addition, any such tool should aim to support
but not replace clinicians in the decision-making process, as
they are ultimately responsible for patient care.

Security around healthcare data remains an important
concern, particularly in the utilisation of ‘Big Data’ from
consumer devices and Positive-Airway-Pressure treatment
devices. To ensure patient privacy, data storage methods
must adhere to strong security measures following
appropriate consent for data collection.

Conclusions

A large proportion of the population continue to suffer
from undiagnosed, yet treatable, sleep conditions. Current
pathways involve manual processes that are time consuming
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and costly. Al has the potential to identify sleep patients on
a mass-scale by enabling population-level screening using
wearable devices, automate analysis of large volumes of data,
to predict treatment adherence, provide more personalised
treatment, improve diagnostic rates, accelerate day-to-
day clinical operations, and deepen our understanding of
complex sleep disorders. While Al may not replace human
decision making it can augment clinicians to arrive at
decisions more effectively.
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