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On Metric Space for Discrimination by Using an Artificial Algorithm
Imitating the Empirical Rule

—As an Example of Support to Clasificate REM Sleep Behavior Disorder
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As an example of “automatic algorithms” imitating human discrimination by persons with specialized knowl-
edge and skills based on their sensory information in accordance with the empirical rule not clearly written,
we developed algorithms imitating visual assessments to evaluate REM sleep not accompanied by a decrease in
muscle activity.
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1. Introduction
Discrimination and assessments by persons with special-

ized knowledge and skills based on their sensory infor-
mation in accordance with the empirical rule not clearly
written forms the basis of the transmission of techniques.
Therefore, as an example of “automatic algorithms” imitat-
ing discrimination in accordance with the empirical rule not
clearly written (Fig. 1), we developed algorithms imitating
visual assessments to evaluate REM sleep without atonia
(RWA) [1].

Due to changes in lifestyle-related habits and the progres-
sion of population aging in recent years, various sleep disor-
ders are becoming more prevalent. Sleep disorders include
all abnormalities in the quantity, quality, and timing of sleep
and sleep-related behaviors that lead to psychosomatic is-
sues [2, 3].

In 1990, the International Classification of Sleep Disor-
ders (ICSD) was published by a joint group comprising the
American Sleep Disorders Association, which played a cen-
tral role, the European Sleep Research Society, Japanese
Society of Sleep Research, and Latin American Sleep Soci-
ety [4]. This classification covers an extremely wide range
of sleep disorders [5]. Among these sleep disorders, we fo-
cused on REM sleep behavior disorders (RBD), which have
been classified under the category of parasomnias. Patients
with RBD act out dreams, which is dangerous for the pa-
tients themselves as well as others. Therefore, an early di-
agnosis is essential. An inhibitory system for skeletal mus-
cle activity is normally active during REM sleep, and sur-
face electromyography (EMG) shows no increase in muscle
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activity [6]. This inhibitory system is impaired under vari-
ous pathological conditions represented by RBD, resulting
in RWA. Thus, RWA needs to be detected in the diagnosis
of RBD.

The presence of RWA is currently assessed based on clin-
ical observations and findings. If it is possible to objectify
and automate the evaluation of RWA, the potential for an
early diagnosis of RBD will increase. In the present study,
we developed automatic algorithms and also compared dif-
ferent visual assessment methods.

2. Polysomnography
PSG is used to observe biological phenomena during

sleep. The discovery of human brain waves by the German
psychiatrist Beger in 1929 [7], assessments of the depth
of sleep by Loomis et al. in 1937 [8], and the discovery
of REM sleep by Aserinsky and Kleitman (1953) [9] pro-
vided an impetus for sleep research. Electrooculography
(EOG) and chin EMG in addition to electroencephalogra-
phy (EEG) were subsequently used as standard methods for
the assessment of sleep, and a manual was produced in 1968
[10]. In 1965, Gastaut et al. identified apnea in Pickwick
syndrome, which is known to be sever type of the obstruc-
tive sleep apnea syndrome, by adding the recording of respi-
ration during sleep [11], showing the importance of PSG for
the clarification of the pathophysiology of sleep disorders.
PSG is a simultaneous recording of physiological phenom-
ena such as EEG, EOG, and chin EMG as basic variables
and oxygen saturation (SpO2), anterior tibialis EMG, snor-
ing, body position, body movements, and body temperature
for the comprehensive and objective assessment of physio-
logical phenomena such as the depth of sleep, its course, ab-
normal behaviors, respiration, and circulation during sleep-
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Fig. 1. An example of the flow for an automatic algorithm imitating
assessment in accordance of the empirical rule not clearly written.

ing overnight [12–14].
As essential diagnostic criteria of RBD in the ICSD, in

addition to abnormal behaviors in daily life or during video
monitoring using polysomnography (PSG), the presence of
RWA, i.e., increased tonic or phasic EMG activity despite
REM sleep suggested by eye movements and brain waves
on the PSG records, was adopted [15]. Since single night
PSG often shows no abnormal behavior, the confirmation of
RWA is an important issue.

3. Materials and Methods
PSG was performed on 12 males aged 60–80 years (mean

± standard deviation: 72.7 ± 1.7 years) with suspected
RBD who visited the Good Sleep Center, Nagoya City Uni-
versity Hospital and 13 healthy males aged 20–60 years
(40.5 ± 13.2 years). Surface EMG activity of the chin mus-
cles was recorded using Alic 5 (Philips Respironics GK,
Tokyo) overnight at a sampling frequency of 200 Hz. PSG
recording was initiated after devices such as a sensor were
applied at 19:00. The lights out time was 22:00 and the
lights on time was 5:30, at which point recording was com-
pleted.

In the present study, the EMG activity of the chin mus-
cles that appeared during REM sleep was extracted. Since
muscle activity may be classified into tonic and phasic com-
ponents, RWA was assessed in each component, and the
percentage of the RWA duration in the total REM sleep du-
ration was compared between automatic and visual assess-
ments.

4. Assessment Methods and Development of Auto-
matic Algorithms

In the present study, algorithms were developed for 3 vi-
sual assessment methods to evaluate RWA: the AASM scor-
ing manual [16], the method described by Montplaisir et al.
[17], and the SINBAR method [18]. Tonic muscle activ-
ity was extracted from EMG records, its duration (Ttonic)
was calculated, and its ratio to the entire REM sleep time
(Ttonic/T) was outputted. Phasic muscle activity was also
extracted, its duration (Tphasic) was calculated, and its ra-
tio (Tphasic/T) was outputted. A plane K spanned by these
ratios Ttonic/T, Tphasic/T is herein defined as an evaluation
space. According to each visual assessment method, the 2
calculated percentages were plotted on (Ttonic/T)-(Tphasic/T)
plane K. Visual assessment methods to evaluate RWA may
also be compared using (Ttonic/T) and (Tphasic/T) values on
this plot.

In the statistical analysis, p < 0.05 was regarded as
significant.

5. Results and Discussion
Various visual assessment methods are used to assess

RWA. Each method is complex, and there is no internation-
ally standardized method. The diagnosis of RWA is based
on a physician’s visual assessment, and an RWA assessment
method that may contribute to an evaluation of the severity
of the disorder or treatment is awaited. In this study, algo-
rithms for the automatic assessment of RWA were devel-
oped.

Based on the 3 visual assessment methods described
above, respective automatic algorithms for the assessment
of RWA were constructed. PSG was performed on 12 sub-
jects with suspected RBD and 13 healthy subjects. In the
former group, chin EMG records were analyzed using our
automatic algorithms. The percentage of the RWA duration
in the total REM sleep duration was assessed separately for
the tonic and phasic components, and compared with that
calculated using each visual assessment method by physi-
cians and medical technologists. As a result, we identified a
method that provided results that did not significantly differ
from those obtained by visual assessments.

In addition, chin EMG records in 12 subjects with sus-
pected RBD and 13 healthy subjects were analyzed using
the automatic algorithms developed in this study. In each
evaluation method, a scatter plot on plane K was produced
(Fig. 2). The group with suspected RBD was discriminated
from the healthy group in accordance with the linear dis-
criminant analysis (LDA). At first, F-test was conducted as
a statistical test to examine whether the centers of gravity
(CoG) overlap for each group where the significant level
was set to be 0.05. F-value was estimated from the Wilks’
Lambda � and compared with the critical value F0(2, 22)
= 3.4434 because the number of the explanation variable
equals to 2 and the sum of the samples equals to 25. In the
LDA, Wilk’s lambda tests how well each level of indepen-
dent variable contributes to the model. The scale ranges
from 0 to 1, where 0 means total discrimination, and 1
means no discrimination. Significant difference of the CoG
could be observed from the F-test if the F-value is greater
than the critical value. Based on this statistical evidence, it
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Fig. 2. An example of a scatter plot on plane K for the assessment method described by Montplaisir et al. [17] (black circle, healthy subjects; gray
diamond, patients).

Table 1. Results of the LDA for each visual assessment method.

AASM Montplaisir et al. SINBAR

� 0.435 0.467 0.331

F 14.3 12.6 22.2

btonic 2.53 2.01 1.51

bphasic 1.68 2.00 3.84

MGD 2.19 2.05 2.73

ε 0.14 0.15 0.086

ri 0.84 0.84 0.92

is possible to discriminate the two groups or more.
In Table 1, we listed values of �, F, standardized coeffi-

cients in the linear discriminant function as
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Mahalanobis generalized distance (MGD), expected error
rate estimation in the LDA; ε and the identification rate;
ri for each visual assessment method. Using the algorithm
based on the SINBAR assessment method, the error rate
was the lowest (0.086).

6. Conclusion
We introduced an example of the development and use of

“automatic algorithms” imitating discrimination by persons
with specialized knowledge and skills based on sensory in-
formation in accordance with the empirical rule not clearly
written.

The input signals of the system for development are not
specialized for biological signals (EMG), and output signals

such as those of robots may also be included. The results of
the present study will contribute to studies on the extraction
of automatic algorithms used for artificial intelligence.

Appendix A.
The procedure of each assessment method in Section 3 is

as follows.

• AASM scoring manual [16]
1) Tonic REM: On chin EMG records, each 30-second
epoch was scored as tonic when sustained muscle activity
with an amplitude greater than the minimum amplitude dur-
ing non-REM sleep was present in at least 50% of the total
epoch duration, and the ratio of the tonic REM sleep dura-
tion to the total REM sleep duration was calculated.
2) Phasic REM: On chin or 4-limb EMG records, each 3-
second mini-epoch having transient muscle activity (0.1–
5.0 seconds) with an amplitude ≥ 4-fold that of background
activity was scored, and the ratio of the phasic REM sleep
duration to the total REM sleep duration was calculated.

• Assessment method described by Montplaisir et al. [17]
1) Tonic REM: On chin EMG records, each 20-second
epoch was scored as tonic when sustained muscle activity
with an amplitude ≥ 2-fold that of baseline activity (3–7
µV) or ≥ 10 µV was present in at least 50% of the total
epoch duration, and the ratio of the tonic REM sleep dura-
tion to the total REM sleep duration was calculated.
2) Phasic REM: On chin or 4-limb EMG records, each 2-
second mini-epoch having muscle activity with an ampli-
tude ≥ 4-fold that of background activity was scored, and
the ratio of the phasic REM sleep duration to the total REM
sleep duration was calculated.

• SINBAR assessment method [18]
1) Tonic REM: On chin EMG records, each 30-second
epoch was scored as tonic when sustained muscle activity
with an amplitude ≥ 2-fold that of background activity or
≥ 10 µV was present in at least 50% of the total epoch du-
ration, and the ratio of the tonic REM sleep duration to the
total REM sleep duration was calculated.



S12 H. Takada et al.

2) Phasic REM: On chin or 4-limb EMG records, each 3-
second mini-epoch having muscle activity with an ampli-
tude ≥ 2-fold that of background activity was scored, and
the ratio of the phasic REM sleep duration to the total REM
sleep duration was calculated.
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