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Disorder Detection
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Abstract—This study aims to develop automated diagnostic
tools to aid in the identification of rapid-eye-movement (REM)
sleep behaviour disorder (RBD). Those diagnosed with RBD
enact their dreams and therefore provide a unique characteristic
of movement during REM sleep. To evaluate the characteristics
of the disorder publicly available PSG recordings were used in
combination with additional recordings sourced from multiple
institutions. This combination of PSG recordings includes 44
healthy controls and 44 RBD subjects. This study aims to develop
a robust diagnostic tool to analyse single channel electromyo-
gram (EMG) recordings and manually annotated sleep stages
to distinguish healthy controls from RBD subjects. Numerous
techniques exist that can objectively quantify movement from
EMG signals and are able to identify RBD subjects, which are
further validated in this study. Using these established techniques
in combination with additional features that the relationship of
muscle movement between sleep stages and the general sleep
architecture, the performance of RBD identification was shown
to improve. This collection of objective EMG features used with
a random forest classifier achieves RBD detection with 92%
accuracy, 93% sensitivity, and 91% specificity.

I. INTRODUCTION

Rapid eye movement (REM) sleep behaviour disorder
(RBD) is a parasomnia whereby patients physically enact their
dreams during REM sleep. Those suffering from RBD no
longer exhibit muscle atonia, where muscle relax and are
inactive, specifically during the REM stage of sleep [1] (as
illustrated in Figure 1). As more patients are identified and
studied over time, there is evidence suggesting RBD as a
predictor for Parkinson’s disease (PD) and may precede the
disease by many years [2]-[4]. A predictive condition of PD
may prove invaluable, not only in developing preventative
medicine but to better understand the progression of this
neurodegenerative disease.

Since RBDs acceptance as a distinct clinical disorder in
1986 [5], the diagnosis of RBD has evolved over time. The
International Classification of Sleep Disorders (ICSD-3) [6]
requires polysomnography (PSG) in order to diagnose RBD
and specifically requires that the lack of atonia during REM to
be observed. The PSG recording process requires equipment,
bed availability, and specially trained staff to manually analyse
hours worth of data. This expensive and time consuming
process provides an increasing demand to develop automated
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diagnostic tools to better utilise the time of sleep clinicians
and potentially improve their inter/intra-rate variability. One of
the challenges faces clinicians is the fact that the ICSD-3 does
not provide an exact definition for muscle atonia and what ob-
jectively constitutes muscle movement in an Electromyogram
(EMG) signal. Literature contains numerous studies that have
attempted to define and quantify muscle activity during REM
in order to differentiate normal and abnormal movement.
Lapierre and Monplaisir were the first to specify a technique
to quantify motor events during REM sleep, called the RBD
PSG scoring method [7]. This visually manual technique
aimed to distinguish EMG signals into tonic and phasic
movement. Monplaisir et al. [7] was able to use 80 RBD
subjects and 80 age and gender matched controls to achieve
a classification accuracy of 85.6% (sensitivity and specificity
of 88.9% and 82.5%, respectively). Burns et al. [8] used
EMG variance to develop a metric called the Supra-Threshold
REM EMG Activity Metric (STREAM) to identify possible
RBD with 100% sensitivity and 71%. specificity. This metric
is calculated by measuring the EMG variance during REM
epochs and comparing it to a threshold calculated during
NREM epochs. The atonia index, developed by Ferri et al.
[9], is able to provide a score indicating the level of atonia
during any given sleep stage. However recordings may be
imbued with noise and artefacts that can distort the calculation,
which can be mitigated using the corrected atonia index (AI).
Frandsen et al. [10] were able to incorporate a sliding window
and a threshold to quantify motor activity (QMA). This was
then used to tune parameters to derive features that depict the
number of motor activity events in duration and percentage
of REM epochs to distinguish RBD from other subjects.
While these established metrics prove to be able to identify
RBD subjects, they were far from perfect and provided an
opportunity for machine learning techniques to be used.
There is a small number of papers that approach the concept
of automated RBD detection by applying machine learning
algorithms [11]. Kempfner er al. (2013) [11] described an
algorithm that measured and detected abnormal muscle activity
during REM sleep. This technique required 3 EMG channels
and from each channel a single feature was calculated by
comparing the mean envelope of a mini-epoch to the minimum
envelope of the entire epoch. A one-class support vector
machine (OC-SVM) was then used to classify the mini-epochs
as an inlier or outlier and this percentage of abnormal (outlier)
and normal (inlier) epochs provided a muscle score to identify
RBD subjects. This detection algorithm proved to be able to
distinguish all Periodic Limb Movement (PLM) subjects (12),
iRBD (12) and 9/12 PD sufferers from healthy controls (12).
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Fig. 1. Typically during REM for a healthy control (red) there is a clear
muscle atonia, with a clear reduction in EMG amplitude during REM. A
typical RBD subject (blue) that depicts the clear absence of muscle aotnia,
with large EMG amplitudes and large spike artefacts.

As per the diagnosis criteria these techniques heavily focus
on the the absence of atonia during REM, but RBD subjects
don’t necessarily display this symptom with every instance of
REM and it may not even occur at all during a single night.
Literature on RBD also describes other sleep characteristics
that differentiate RBD subjects, specifically through sleep
architecture [12], [13]. Once more EMG signals are often
tainted with noise, such as heart beat artefacts, which can
be difficult to remove. This study aims to develop a robust
diagnostic tool to analyse Electromyogram (EMG) recordings
together with sleep architecture to distinguish healthy controls
from RBD subjects using recordings from multiple sources.

II. DATA MATERIAL

Polysomnography (PSG) recordings were attained from
several sources, including the publicly available CAP database
and two datasets from the University of Oxford. The Cyclic
Alternating Pattern (CAP HC) database includes 13 healthy
subjects [14], [15]. Older healthy controls were acquired from
the University of Oxford in a sleep and motor plasticity
study (SMP) that contained 9 subjects. An additional 21 older
healthy controls were attained from the Montreal Archive of
SLeep Studies (MASS HC) database [16]. The CAP database
also provided 22 RBD subjects (CAP RBD) which was
combined with subjects from the John Radcliffe hospital that
contained 22 RBD subjects (JR RBD). Because the recordings
from the John Radcliffe Hospital were part of routine NHS
care they included two nights for each subject, but only the 2"
night was used for this study. These recordings were attained
with approval from the Oxford University Hospital NHS Trust
and comply with the requirements of the Department of Health
Research Governance Framework for Health and Social Care
2005 (United Kingdom). The summary of the collated datasets
are described in Table I. All PSG recordings include an
EMG of the submentalis muscle and are annotated by sleep
experts that detail the sleep stage for every 30 second epoch.
Datasets that were annotated using the Rechtschaffen & Kales
rules were converted to AASM sleep stages (S3 & S4 were
combined and interpreted as N3). As a result these hypnograms
included the following stages: wake, REM sleep, N1, N2, and
N3.

TABLE I
COMBINED DATASETS

[ Dataset Name | Age | #Subjects | #Male | #Female |
CAP HC 63.6 + 9.0 13 7 6
SMP HC 313 £ 42 9 5 4
MASS HC 64.6 £ 4.8 21 12 9
Combined HC 54.3 + 16.2 43 24 19
CAP RBD 63.6 £ 9.0 22 19 3
JR RBD 62.1 £ 6.9 21 19 2
Combined RBD | 70.7 £ 6.2 43 38 5

ITI. METHODS

A. Signal Preprocessing

EMG signals from the subjects were re-sampled at 256Hz
(due to EMG’s inherent broad spectrum [17]) and filtered
between 10 and 100Hz , using an 8™ ordered bandpass filter.
Finally a 10" ordered 50Hz notch filter was also used to
suppress noise from mains supply. Subjects from the dataset
had to be excluded because EMG recordings were unusable, as
electrodes has either fallen or simply failed (this included one
healthy control from the SMP dataset and one RBD subject
from the JR dataset).

B. Feature Extraction

Once the EMG was preprocessed, features for each epoch
were calculated, including the atonia index, STREAN, motor
activity duration, and motor activity percentage. For every
recording the atonia index was calculated for each sleep stage
(REM, N3, and N2, providing three features). These were also
used to calculate the atonia index ratio between N2/REM and
N3/REM, in order to depict the absence of atonia relative
to other stages (two features). The motor activity duration
and percentage, as detailed by QMA, was calculated for each
epoch and averaged across all REM epochs (two features).
Additionally the STREAM score for an entire night were
calculated by comparing REM variance to NREM variance
for every three second mini-epoch (one feature). Features
that described the sleep architecture were also calculated and
included the percentage of REM, N2, and N3 epochs in
total (three features). This provides a total of 11 features,
comprising of six established EMG metrics and five features
that describe sleep architecture and atonia index relative to
sleep stages.

C. Classification

Features detailing EMG movement were combined with
simple features that describe sleep architecture could be used
to analyse and predict RBD. This study focused on a random
forest classifier (RF) to identify RBD. The classifier was
trained and evaluated using a leave-one-subject-out methodol-
ogy. For the purpose of this study two random forest classifiers
were evaluated, one using only objective EMG metrics (6
features) while the other combined features detailing sleep
architecture and atonia ratios (11 features in total).

1) Random Forest Classifier: A random forest classifier
was ideal candidate for this study because it is relatively
parameter-free, robust to outliers, relatively fast to train and
resistant to over-fitting [18]. Once more this algorithm is able
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TABLE II
PERFORMANCE OF RBD DETECTION

[ Classifier [ Accuracy | Sensitivity [ Specificity |
Atonia Index Threshold 0.80 0.79 0.81
STREAM Threshold 0.78 0.81 0.74
QMA Threshold 0.79 0.65 0.93
RF (EMG Metrics) 0.86 0.93 0.79
RF (All Features) 0.92 0.93 0.91

to quantify the importance of individual features, providing a
way to rank and assess their value in RBD identification. This
study designed the classifier with 500 trees, where each tree
was designed using a randomly selected set of mtry features
(mtry = VM, rounded up), where M is the total number
of features used. These features will be used to design the
decision nodes of each tree, which classify test subjects as
either healthy or RBD. Each tree will then contribute a vote
to the final classification. The performance of the classifier
was evaluated by using a leave-one-subject-out methodology.
Therefore random forests were trained on all subjects exclud-
ing one, which was then used to test the trained classifier. This
test was done for every subject within the dataset. Feature
importance was calculated by averaging the mean decrease in
gini-index for every node a feature is used (across all folds of
the validation process). The performance of the classifier was
assessed using accuracy, sensitivity and specificity.

IV. RESULTS & DISCUSSION

It is clear from Figure 2 the distinguishing characteristics
of the EMG metrics calculated from healthy controls and
RBD subjects. These numerically capture the absence of atonia
during REM by measuring and quantifying muscle movement
during the PSG recordings. However, there is also a noticeable
overlap between these two cohorts. RBD subjects can be
observed to have very good sleep, with very low muscle
movement during REM. Healthy control subjects that provide
features depicting high muscle activity during REM are due
to excessive noise, particularly from very strong heart beat
artefacts. Potentially the features describing sleep architecture
and atonia ratios between stages can be used to aid in
differentiating RBD from healthy controls as shown in Figure
3. For RBD subjects the atonia index during N3 is higher
than REM, whereas healthy controls are nearly equal (this is
similar when comparing the ratio of N2 and REM). It would
also appear that RBD subjects within this study have longer
periods of N3 sleep compared to healthy controls.

By including only the atonia index during REM, motor
activity duration, motor activity percentage and the STREAM
features the RF achieved an accuracy of 86%, sensitivity
of 93%, and specificity of 91% using a leave-one-subject-
out methodology. This was only marginally better than using
individual metrics with a threshold to identify RBD subjects
(thresholds for AI, STREAM and QMA were 0.9, 15% and
7%, respectively). By incorporating the atonia index ratios
and the sleep architecture features with the EMG metrics, the
RF (all features) achieved an accuracy of 92%, sensitivity of
93%, and specificity of 91%, which outperformed all other
methods except QMA, with respect to specificity. These results
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Fig. 2. Feature distribution for the calculated atonia index, quantified motor
activity (percentage) and STREAM in healthy controls (red) and RBD subjects
(blue). Note the increased median and variation within the RBD cohort when
compared to healthy subjects for QMA and STREAM, but the inverse for Al

are summarised in Table II . The relatively lower specificity
score, may not necessarily be a disadvantage, because a highly
sensitive classifier would potentially enable the discovery of
subjects on the cusp of converting to RBD or at the very least
developing issues with sleep.

Individually, the EMG metrics are able to distinguish be-
tween healthy and RBD subjects with some success. But
by combining these established EMG metrics with a RF
classifier the results are improved. Furthermore by training
an RF with additional features that detail sleep architecture
and the atonia index ratio between stages the performance
was greatly improved. These results improve upon individual
metrics by combining well established scores together with
sleep architecture to provide a more robust differentiator.
These features take advantage of the fractured sleep observed
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Fig. 3. The sleep architecture of RBD (blue) and healthy controls (red) are
also clearly differentiated by the atonia index ratios between sleep stages and
the sleep architecture, measured by the percentage of REM and N3 sleep.
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Fig. 4. The mean decrease in gini index from the leave-one-subject-out
validation was used to rank features based on importance. The atonia index
ratio features proved most important, followed closely by the atonia index
during REM and the percent of N3 sleep.

in RBD subjects compared to healthy controls. This is most
evident in features that describe N3 and REM as a percentage
of total sleep. Also using atonia index ratios allows the RF to
explore relationships between sleep stages which compensates
for EMG signals tarnished with recurring artefacts and noise.

Healthy controls incorrectly classified as RBD provide
features that are indicative of both healthy and RBD subjects.
The atonia index ratio between stages and the percent of
N3 sleep helped mitigate these issues as indicated by the
improved RBD detection performance and the high feature
importance ranking shown in Figure 4. Furthermore some
RBD subjects have a very good night’s sleep, with very
low muscle movement during REM, therefore are sometimes
misclassified as healthy. But by incorporating sleep features
describing the percentage of N3 or N2 sleep, the RF has
the opportunity to correctly classify these subjects based on
their unusual sleep architecture. Features that depict sleep
architecture would also be highly sensitive to other sleeping
disorders, which can be defined by fractured and erratic sleep
patterns. This study could be further validated by incorporating
additional datasets of healthy controls and numerous other
sleep disorders other than RBD. A possible extension of this
study would be to remove the need for manual sleep annotation
by incorporating automatic sleep staging algorithms, especially
in the context of take-home recordings that would enable a
viable screening tool [19].

V. CONCLUSION

Using a combination of objective EMG scores and metrics
for sleep architecture an SVM can achieve RBD detection
with 92% accuracy, 95% sensitivity and 83% specificity. In
essence this study has shown a robust and effective method
in automatically analysing PSG recordings to identify RBD
subjects.
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