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A journey toward artificial intelligence-assisted
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Sleep scoring is a tedious, time-consuming process that presents a huge challenge in clinics. Leveraging the
state-of-the-art U-net architecture, Zhang et al. developed a deep learning algorithm to simultaneously anno-
tate basic and pathologic sleep stages. This model can analyze a full-length sleep record in a few seconds

with high accuracy.

Understanding human cognition—the
way we think, learn, and grow—is a
fundamental goal in modern neurosci-
ence. While we are still at an early stage
answering some key questions regarding
natural intelligence, such as which algo-
rithms are used by the mind, rapidly
advancing artificial intelligence (Al) has
already started changing our daily lives.
Machine learning has shown remarkable
potential in healthcare, facilitating speech
recognition, clinical image analysis, and
medical diagnosis. For example, there is
a growing need for medical imaging diag-
nosis automation as it takes tremendous
time and resource to train a human expert
radiologist. Deep-learning Al architec-
tures have been developed to analyze
medical images of the brain, lungs, heart,
breast, liver, skeletal muscle, and other
visceral organs and identify abnormalities
with impressively high accuracy,"? some
of which have already been used in clinics
to assist disease diagnosis.

Another field that will benefit from ma-
chine learning is automated sleep scoring.
Sleep is an essential physiological pro-
cess, and many people are suffering
from various sleep disorders. Abnormal
sleep patterns are also indications of
other psychiatric and neurological dis-
eases.>* Polysomnography (PSG) that
monitors brain activity (electroencephalo-
gram, EEG), muscle activity (electromy-
ography, EMG), and eye movements
(electrooculography, EOG) is the golden
standard for sleep assessment. In clinics,
annotating sleep stages from PSG re-
cordings is still performed manually by
well-trained human experts. This step is
tedious and time consuming and gener-
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ates significant inter-clinical and inter-
operator variability. A number of deep-
learning-based algorithms have been
recently developed to overcome these
challenges with the hope to make sleep
scoring a fully automated process in
clinics. Many of them can achieve reason-
ably high annotation accuracy of basic
sleep stages including wake, rapid-eye-
movement (REM), and non-rapid-eye-
movement (NREM) in healthy individuals;
however, their performance in patients
with sleep disorders still needs to be
improved.

In this issue of Patterns, Zhang and col-
leagues developed a deep learning algo-
rithm with the goal of predicting not only
basic sleep stages but also pathological
stages.” They specifically focused on
arousal and apnea, two common types
of disease-related events. The model
was developed based on a modified U-
net architecture involving a one-dimen-
sional (1D) convolutional neural network.
The model was then trained, validated,
and tested with thousands of whole-night
PSG recordings from two datasets con-
taining a mixture of both healthy individ-
uals and patients with sleep disorders.
The algorithm is able to predict most
sleep stages including the two patholog-
ical ones with accuracy comparable to
human experts. This paper thus repre-
sents a critical step toward developing
machine learning based automatic sleep
scoring for clinical uses.

For historical reasons, PSG recordings
have been divided into 30-second
epochs, and each epoch is annotated
with the dominated sleep stage. However,
sleep is a continuous process, and sleep

stages gradually transition from one
to another. Therefore, previous and
following epochs need to be considered
to better assess sleep stage transitions
when manually scoring. Although this his-
torical 30-second epoch standard was
not established based on physiological
reasons, it was adopted by the majority
of machine learning algorithms. Interest-
ingly, the possibility of using shorter
epochs for improved temporal resolution
in automated sleep scoring has been
considered.® Instead of using segmented
records, Zhang et al. take advantage of
the U-net structure and use single entire-
sequence-length sleep records as input.
Their model clearly demonstrates an
excellent performance using full-length
records, providing an important ground-
work for better integrating information at
different resolutions and scoring sleep
stages in a more continuous manner
with higher temporal resolution and
accuracy.

While including more recording chan-
nels would likely improve performance,
the associated computational cost needs
to be considered. Therefore, some algo-
rithms are focused on using only EEG
channels, or even a single EEG or EOG
channel, for automated sleep scoring.
Intriguingly, Zhang et al. shows that
although non-EEG channels might not
be necessary for predicting basic sleep
stages, they are important for the predic-
tion of disease-related stages such as
arousal and apnea, demonstrating the
importance of non-EEG channels in dis-
ease diagnosis. However, it is likely that
a subset of these channels would be suf-
ficient for prediction. Moreover, channels
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might be more primed for different dis-
ease-related events. Nailing down the
minimum information needed for auto-
mated sleep scoring may facilitate its
application in clinics in the future.
Furthermore, additional issues still
need to be addressed for clinical applica-
tions. One major challenge is that PSG
recorded at distinct clinic sites usually in-
volves different channels/settings. Most
algorithms were developed and trained
using datasets from specific clinic sites.
For example, the model presented by
Zhang et al. requires re-training to ac-
count for different datasets to achieve
satisfying performance. A possible solu-
tion for this problem was demonstrated
in recent studies by training algorithms
using datasets from multiple clinic
sites.”'® Nevertheless, the work by Zhang
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et al. presents an exciting model for auto-
mated sleep scoring. An Al-assisted diag-
nostic revolution in sleep disorders is
soon expected.
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