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Abstract

This study use of Approximate Entropy (ApEn) for clas-
sification of sleep stages using R-R intervals derived from
ECG signals. The results demonstrate that ApEn can effec-
tively differentiate between sleep stages and wakefulness
across varying embedding dimensions (m) and time win-
dows. In lower dimensions, higher entropy values corre-
spond to deeper sleep stages, while in higher dimensions,
the relationship reverses, associating higher entropy with
REM, light sleep, and wakefulness. The analysis also re-
veals that specific time windows (e.g., 5 minutes) and em-
bedding dimensions (e.g., m = 5) improve the discrimi-
nation between sleep and wake states. These findings sug-
gest that ApEn is a valuable tool for non-invasive sleep
monitoring and classification. Further studies are recom-
mended to explore its applicability in broader and more
diverse populations.

1. Introduction

Sleep stage classification is typically performed through
the manual evaluation of polysomnographic (PSG)
records, a time-consuming process [1]. Although PSG
is considered the gold standard for sleep monitoring, its
high cost and complexity limit its scalability [2]. Electro-
cardiogram (ECG) data, specifically R-R intervals, offer
a non-invasive alternative for classifying sleep and wake-
fulness states [3]. Approximate Entropy (ApEn) has been
shown to differentiate between sleep stages, particularly
between REM and non-REM sleep [4]. However, the im-
pact of embedding dimensions and time windows on ApEn
performance remains unclear. This study aims to evaluate
ApEn’s ability to classify sleep stages using R-R intervals
derived from ECG, with an emphasis on optimizing em-
bedding dimensions and time windows to improve accu-
racy in a heterogeneous population.
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2. Method

2.1. Database

The data used in this study come from the Haaglan-
den Medisch Centrum Sleep Staging Database, publicly
available on PhysioNet [5]. The database includes 151
full-night polysomnographic (PSG) recordings, collected
in 2018 at Haaglanden Medisch Centrum (HMC) in the
Netherlands [6]. The sample comprises 85 men and 66
women with a mean age of 53.9 + 15.4 years. The records
were randomly selected from patients referred for PSG
evaluation for various sleep disorders, without applying
additional exclusion criteria, aiming to assess the method’s
reliability in a heterogeneous population [7]. Each record
includes EEG, EOG, chin EMG, and ECG signals, along
with hypnograms annotated by sleep technicians at HMC.
The data were anonymized, and their reuse was approved
by the institutional review board of Zuid-West Holland
(METC-19-065) [6]. The signals, sampled at 256 Hz and
stored in EDF format [8], followed the guidelines of ver-
sion 2.4 of the AASM manual [6]. The analysis focused on
the ECG signal, specifically the RR intervals, to calculate
Approximate Entropy (ApEn) during sleep and wakeful-
ness stages.

2.2. Data preprocessing

Standard preprocessing techniques were applied to the
R-R intervals, including normalization and filtering to re-
move artifacts and noise. Sleep segments were labeled ac-
cording to the scoring system criteria [9], using high-pass
(1 Hz) and low-pass (150 Hz) filters to eliminate baseline
noise and interference, with a sampling frequency of 256
Hz [10]. ECG data and hypnograms were obtained from
polysomnographic records in EDF format [6] and pro-
cessed using the mne software, which allows direct read-
ing of EDF/EDF+ files [10]. The processed ECG signal,
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in voltage, has an average duration of 7 to 8 hours per pa-
tient [7]. The annotated hypnogram was used to identify
the beginning and end of each sleep phase. Thirty-second
intervals were labeled, structuring the ECG series and en-
abling the selection of time windows from 30 seconds to
10 minutes, facilitating the analysis of R-R intervals.

Sleep Stage Progression during the Night
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Figure 1. Hypnogram showing the distribution of sleep
stages after preprocessing. It indicates the frequency and
duration of each stage throughout the night.

To visualize the process of grouping ECG segments into
different sleep stages, diagrams are presented in Figures 2
and 3. These diagrams illustrate the construction of time
segments, from 300-second intervals to their combination
representing sleep stages. This facilitates the understand-
ing of how consecutive ECG segments are grouped based
on sleep stages.
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Figure 2.  Construction of hypnograms in 300-second
intervals through the grouping of consecutive ECG seg-
ments.

Finally, R-R intervals, representing the time differences
between the R peaks of the ECG signals, were calculated
using the Pan-Tompkins algorithm for QRS peak detection

[11].

2.3. Calculation of Approximate Entropy
(ApEn)

Approximate Entropy (ApEn) was calculated for each
time window using embedding dimensions (m) from 1
to 5, with values stored alongside timestamps and sleep
stages. The analysis, based on R-R intervals from ECG

(b) Construct 300-s epochs

1% epoch NI NI NI NIJW NI N2 N2 N2 N2 N3 N3 N3 N2 N2 N2 N2 N3 «+-
2 epoch NI NI NI NI [J5<(i[N2 N2 N2 N2[N3 N3 N3 N2 N2 N2 N2 N3 ««+
34epoch NI NI NINI[W NI N2 N2 N2 N2 NERCRB[N2 N2 N2 N2 N3 +++

N cpoch == N3 /N2 N2 N2 N2 N3 R|R|R‘N2 N2f R R [R[R NI

Figure 3. Final distribution of sleep stages with the combi-
nation of ECG segments to form a long-term hypnogram.

signals, assessed the regularity and complexity of the time
series. ApEn was computed following Pincus’ definition
[12]:

N—m
ApEn(m,r,N) = % Z log (gz) (1)
—m ;
i=1

where m is the embedding dimension, r is the threshold,
and A; and B; are proximity measures between vectors
embedded in dimensions m and m + 1. In this study, m
ranged from 1 to 5, with » = 0.5 of the standard deviation
(SD). Hypothesis tests were performed to evaluate ApEn’s
ability to discriminate between sleep stages and wakeful-
ness, with a significance level set at p-value < 0.001. The
Wilcoxon-Mann-Whitney test was used to compare the ex-
tracted features between different sleep stages and wake-
fulness [13].

3. Results

When calculating entropy values for R-R interval series
grouped into 1-minute time windows and using embed-
ding dimensions m = 4 and m = b5, clear differences
are observed between the different sleep stages and micro-
arousals, as shown in Figure 4. Similarly, the results for
a 10-minute time window also exhibit variations, as de-
picted in Figure 5. Both graphs demonstrate significant
differences in ApEn values across the various physiologi-
cal stages, along with variations in the number of outliers
and the quartiles generated for each data group.

A more general overview of the behavior of ApEn val-
ues, calculated for different embedding dimensions (m =
1,2,3,4,5), can be observed in Figure 6. In this case,
ApEn values were calculated for an 8-minute time win-
dow, where this interval was found to better discriminate
between the different physiological stages. However, for
distinguishing between sleep and wakefulness stages, the
5-minute time window yielded better results, as shown in
Figure 7.
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Distribution of Approximate Entropy (ApEn)
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Figure 4. ApEn values calculated for 1-minute windows
and embedding dimensions m = 4 and m = 5, showing
differences between sleep stages and micro-arousals.
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Figure 5. ApEn values calculated for 10-minute windows
and embedding dimensions m = 4 and m = 5, showing
differences between sleep stages and micro-arousals.

Figure 8 shows the clear difference between ApEn val-
ues calculated for sleep and wakefulness stages. The
Mann-Whitney U statistical tests to evaluate whether the
ApEn values belong to significantly different samples
demonstrated significant discriminative ability between
the two stages, particularly with m = 5 obtaining a
p-value < 0.001.

4. Discussion

Approximate Entropy (ApEn) was validated as a use-
ful metric for the classification of sleep stages based on
R-R intervals. Previous studies confirm that at low em-
bedding dimensions m, high entropy values are associ-
ated with deep sleep, while low values correspond to REM
and wakefulness [3] [4]. However, at higher dimensions,
this relationship is reversed, with high entropy values ob-
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Figure 6. ApEn values calculated for an 8-minute

time window and different embedding dimensions (m =
1,2,3,4,5), showing a clear differentiation between the
physiological stages during the night.
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Figure 7. Comparison of ApEn values between sleep and
wakefulness stages for a 5-minute time window, using em-
bedding dimensions (m = 1,2, 3,4, 5).

served in REM, light sleep, and wakefulness, and low val-
ues in deep sleep. These results suggest a more complex
dynamic in R-R intervals depending on the sleep stage.
ApEn’s ability to distinguish between physiological states
varies with m and the time window used. To differentiate
between wakefulness and sleep, a 5S-minute window with
m = b is more effective, while to distinguish between all
stages, 8 or 10-minute windows with m = 1 orm = 2
are more suitable. One-minute windows with m = 1 or
m = 2 may be useful if low deviation is sought and out-
liers are not relevant. This study improves differentiation
between sleep and wakefulness stages, possibly due to the
use of ECG signals specific to each stage. Unlike previ-
ous studies [4], which used signals from multiple stages,
this work explores different time windows and embedding
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Figure 8. Differentiation between sleep and wakefulness
stages using ApEn values, showing significant differences
for m = 5 and 5-minute time windows.

dimensions m, optimizing differentiation. Further studies
on larger and more diverse populations are recommended,
and correlations with other patient characteristics should
be explored. More research is also needed on the relation-
ships between time windows and embedding dimensions
m to optimize the use of ApEn.

5. Conclusions

This study validates Approximate Entropy (ApEn) as an
effective tool for automatic sleep stage classification us-
ing R-R intervals from ECG signals, without the need for
precise segmentation or data distribution assumptions. Re-
sults indicate that ApEn effectively discriminates between
sleep and wakefulness across both low and high embed-
ding dimensions, with better performance at higher val-
ues. At low m, higher entropy corresponds to deep sleep,
whereas at higher m, higher entropy values are linked to
REM, light sleep, and wakefulness. The analysis also
shows that time window selection and m significantly im-
pact ApEn’s accuracy in differentiating sleep stages. Com-
pared to previous studies, this work enhances the precision
of sleep and wake discrimination, likely due to the use of
ECG signals specific to each stage. The optimization of
time windows and embedding dimensions suggests further
potential for clinical applications and future research on
sleep dynamics.
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