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SUMMARY

The classification of sleep–wake stages suffers from poor standardization in scoring criteria and heterogeneous conditioning of
polysomnographic signals. To improve applicability of fully automated sleep staging, we have designed a formal classification
framework to rigorously (1) select robust candidate features, (2) emulate artificial neural network classifiers, and (3) assign
sleep–wake stages using flexible decision rules. An extensive database of 48 PSG records scored in 20 s epochs by two
independent clinicians was used. A small subset of 2 s elementary epochs representative of each stages with unequivocal
expert scores was selected to form a limited set of learning exemplars. From 16 statistical, spectral and non-linear candidate
features extracted in 2 s epochs from EEG and EMG signals, a sequential forward search selected an optimal set of five
features with a 22% error rate. Multiple layer perceptrons were trained from this optimal feature set while classification
accuracy was assessed using the unequivocal instance subset. A simple majority vote among 10 consecutive classifier
outputs ensured a final scoring resolution comparable to that of the experts. Poor classification performance was obtained
for movement time, wakefulness, and intermediate sleep stages with a 36±15% error rate (Cohen’s kappa 0.48±0.18).
In contrast, deep and paradoxical sleep was classified with an 82% accuracy not far from inter-expert expert agreement
(83±3%). Significant improvements should be expected using a larger learning set compensating for a high inter-individual
variability, and decision rules incorporating more domain-knowledge. Copyright q 2009 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Polysomnography (PSG) is a psycho-physiological
method for the assessment of sleep and wake states.
It is based on the concurrent recording of brain
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electroencephalographic (EEG), chin electromyo-
graphic (EMG) and electro-oculographic (EOG) signals
collected in human individuals using non-invasive
surface electrodes. PSG allows for the description
of different sleep–wake states, which may exhibit
abnormal qualitative and quantitative changes with
clinical conditions and environmental situations. It is
the golden standard in the diagnosis of sleep disorders
and in the evaluation of psychotropic and other drugs
potentially impacting sleep and vigilance.

In human, the scoring of sleep–wake stages is
usually performed by a highly trained human expert on
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Figure 1. Typical scoring epochs obtained in different sleep–wake stages from human PSG recording. A 20 s epoch including
a central EEG (top) and a chin EMG (bottom) derivation is illustrated for each stage (W for wakefulness, N1 for transitional

sleep, N2 for shallow sleep, N3 for deep sleep, R for paradoxical sleep, and MT for movement time periods).

the basis of an epoch-by-epoch visual interpretation of
the PSG signals according to a set of conventional rules
originally defined in the Rechtschaffen and Kale’s
manual [1], and recently updated by the American
Academy of Sleep Medicine [2]. In animal research,
different scoring rules exist and vary according to
laboratories and species under study. Visual interpre-
tation of PSG records uses a fixed epoch duration,
usually 10, 20, or 30 s, and allows for the recognition
of different sleep and wake stages (Figure 1). Such
a manual task can be fastidious and time-consuming,
lasting between 20 and 60min for a usual nighttime
human study. As it involves recognition, judgment and
decision from a human operator, it is also an inher-
ently subjective process.

With the emergence of data mining and new pattern
recognition technics, automation of the sleep–wake
staging process has been attempted repeatedly [3–6].
However, automatic analysis remains poorly applicable
and has never been used efficiently on a very large
scale. Limitations in the generalizability of automatic
methods can mostly be accounted for by a sizable
heterogeneity in the classifier inputs, and by a lack
of standardization in its output preventing user full
satisfaction. Indeed, substantial differences exist in
the signal conditioning and quality of a constellation
of acquisition devices from numerous PSG hardware
manufacturers. Moreover, human and animal sleep
is not always described using the same scoring rules
and epoch durations [1, 7]. For instance, considering

human sleep alone, interpretation is based on a different
number of stages according to the guidelines adopted
by the laboratory [1, 2].

A review of computer-based sleep analysis [8]
reported the existence of the afore-mentioned chal-
lenges compromising applicability of the existing
solutions. Indeed, as previously reported [4], the results
of automatic sleep–wake stagers, when assessed using
a different set of records, can demonstrate substantial
discrepancies. Therefore, a strategic goal of the present
study was to provide an applicable and productive
framework to automate the scoring of human and
animal sleep–wake stages by operating regardless of
the devices collecting PSG signals, and independently
of the desired time resolution of the analysis.

In this study, we focussed on extracting the most
relevant information, selecting adequate learning
exemplars, and combined the advantages of an addi-
tional post-classification decision layer. Artificial
neural networks are widely used, suitable and well
adapted in handling biological data. Based on the
reported advantages and demonstrated superiority of
this kind of classifiers in sleep and wake staging
[9–11], we opted for a specific classifier, the multiple
layer perceptron (MLP), as first introduced in sleep
analysis by Schaltenbrand et al. [3, 12]. In parallel,
an independent study showed that, in the purpose of
automatic classification, relevant information can be
captured from PSG signals using relatively simple
sets of features [13]. We further improved these
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preliminary results by addressing potential issues in
signal conditioning and bio-calibration related to the
use of different PSG recording devices. Finally, a
highly desirable but still missing feature, i.e. temporal
flexibility, has been introduced in the present study,
enabling automatic analysis to operate at variable time
resolution.

We thus describe the methods developed and the
results obtained (1) while training machine classifiers
using a limited selection of instances and attributes, and
(2) while assessing realistic performance of the system
combining machine classification and post-processing
decision rules using a larger data set. A description
of the algorithms corresponding to these different
processes is also provided.

2. DATA

2.1. Collection

PSG signals were recorded continuously in 13 healthy
subjects (19–47 years old, 11 males and 2 females) for
a total of 48 nights, either during baseline sleep or after
sleep deprivation. A complete description of the exper-
imental protocol can be found in Chapotot et al. [14].
A multi-channel ambulatory recording device was used
to collect four EEG derivations (C3−A2, P3−A2,
C4−A1, and P4−A1), a transversal EOG channel, and
a chin EMG channel, filtered between 0.3 and 35Hz.
Bio-electrical signals were digitized at a sampling
frequency of 128Hz using 8 bit quantization between
−500 and 500�V, and stored into computer files using
the standard EDF data format [15]. EEG cup-electrodes
were attached onto the scalp of the subjects according
to the international 10–20 system for electrodes place-
ment [16].

2.2. Visual interpretation

PSG records were visually and independently inter-
preted by two sleep physicians blind as to the
subjects and experimental conditions using the PRANA
biosignal processing software (PhiTools, Strasbourg,
France). Sleep–wake stages were scored according to
conventional criteria [1] using a fixed epoch duration
of 20 s resulting in 84 040 scoring epochs. Each epoch

was classified exclusively amongst six possible stages:
wakefulness (W ), transitional sleep (N1), shallow
sleep (N2), deep sleep (N3), paradoxical sleep (R) and
movement time (MT).

3. METHODS

3.1. Candidate feature extraction

A preselection of candidate features used as attributes
in machine learning and classification was achieved
using a mixture of conventional spectral, statistical, and
more advanced non-linear parameters characterizing
PSG signals in time and frequency domains. Given the
large diversity of existing PSG recorders, and, actually,
of the important heterogeneity in corresponding hard-
ware specifications and acquisition settings, candidate
features were preselected according to potential inde-
pendence regarding changes or differences in signal
conditioning and calibration. The practical purpose here
was to achieve a robust capture of information without
limitation from the biosignal recording device brand
or model. The rationale in selecting candidate features
was based on the mathematical properties involved in
the computation of each feature.

Since sleep can usually be assessed visually disre-
garding eye movements, the EOG channel, generally
not recorded in animal, was discarded from the present
study. Consequently, a set of 16 different features (list
given in Table I) has been extracted from the right
central EEG (C4−A1) or the chin EMG channels in
the 48 PSG records. A fixed temporal window of 2 s,
during which signals could reasonably be expected
as either stationary or contaminated by recording
artifacts, ensured a successive non-overlapping time-
varying extraction. The PRANA software (PhiTools,
Strasbourg, France) was also used with the corre-
sponding plug-in to extract all candidate features.
A total amount of 840 400 elementary epochs were then
processed.

Shannon Entropy: Shannon entropy (ShE) represents
a measure of the information contained in a signal
[17]. Since its computation does not rely on the signal
amplitude range, ShE was supposed to be an adequate
candidate.
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Table I. Candidate features extracted for their potential independence regarding differences in PSG
acquisition settings and signal conditioning.

Feature Source Unit Label

Shannon entropy EEG bit ShEEEG
Sample entropy EEG — SaEEEG
2Hjorth activity EEG �V ActEEG
1Hjorth mobility EEG Hz MobEEG
Hjorth complexity EEG — CpxEEG
Hurst exponent EEG — HEEG
Spectral edge frequency 95% EEG Hz SEF95,EEG
Delta relative power EEG % P�,rel,EEG
Theta relative power EEG % P�,rel,EEG
Alpha relative power EEG % P�,rel,EEG
5Sigma relative power EEG % P�,rel,EEG
4Beta relative power EEG % P�,rel,EEG
Gamma relative power EEG % P�,rel,EEG
Shannon entropy EMG bit ShEEMG
3Spectral edge frequency 95% EMG Hz SEF95,EMG
Gamma relative power EMG — P�,rel,EMG

Superscripted values indicate the order of feature selection resulting from a sequential forward selection
algorithm.

The computation of ShE is numerically defined by

ShE(x)=
N∑

k=1
pk log pk (1)

where pk is the probability of a sample to be at quantifi-
cation level k in a range of N levels. The probability pk
was estimated by summing up the number of samples
in the range [xk, xk+1], with x0=−250�V and xk =
x0+500/(2−16−1)k adapted to the signal amplitude
range of the study.

Sample Entropy: Sample entropy (SaE) represents a
more complex measure of similarity in the information
carried by a signal [18]. SaE varies between 0 and 1
regardless of the signal amplitude range and so was
chosen as a candidate feature.

The computation of SaE is based on an estimate
of the number of near vectors in an embedding space
created from the signal. Let m be the dimension of the
embedding space (here m was 2), and N the signal
dimension depending on the number of samples (using
2 s epochs sampled at 128Hz, N was 256). Let Bi (r)
be the number of vectors x( j), near to x(i) in the
embedding space at level r :

Bi (r)=‖{ j |d(x(i), x( j))<r}‖ (2)

with ‖.‖ the number of indices j for neighbors of x(i),
d the Chebyshev distance d(x, y)=|y−x |, and r set
to r=0.2 ·SD, with SD being the standard deviation of
the signal. Let C be a statistical measure of this number
of elements verifying the condition in the embedding
space:

Cm
i (r)= Bi (r)

N−m+1
(3)

and C an average over all these elements such as:

Cm = 1

N−m+1

N−m∑
i=1

Cm
i (4)

An approximate of the Kolmogorov entropy [18] is then
given by:

SaE=− log
Cm+1

Cm
(5)

Hurst exponent: The Hurst exponent (H) character-
izes dependance or self-similarity of a signal [19, 20].
H varies between 0 and 1 and when it exceeds 0.5,
the corresponding signal is said persistent with similar
consecutive trends. In contrast, when H displays values
below 0.5, anti-persistence is present and indicates a
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changing trend in the analyzed signal. When H approx-
imates 0.5, the signal randomly switches from one trend
to another like in a brownian motion.

The computation of H , as described in [21], is based
on the analysis of the rescaled range R/S, with R being
the range of the cumulative sum of the centered signal
XT on a scale containing T samples, and S the standard
deviation of the signal. R/S is the mean value of R
over S for all bins of a signal containing N samples.
H is then defined as:

R/S= (a ·T )Hurst (6)

In pratice, H was evaluated by determining the slope
of log(R/S) over log(T ) with T varying between 10
and [N/2], to discard noise inference and consider at
least two signal segments.

Hjorth’s descriptors: The three EEG descriptors
elaborated by Hjorth, activity (Act), mobility (Mob)
and complexity (Cpx), and defined in [22] were
selected as candidate features since they have been
widely used in the sleep community.

Euler approximations were used to obtain deriva-
tives. Act is simply the variance of the signal and was
obtained by:

x̄= 1

N

N∑
i=1

x(i) (7)

Act=�a
2= 1

N−1

N∑
i=1

(x(i)− x̄)2 (8)

Mob is the standard deviation of the slope of the
signal normalized by its standard deviation. It was
obtained by:

xd(i)= x(i+1)−x(i)

Te
∀i ∈[2,N ] (9)

Mob= �d
�a

=
√

1
N−2

∑N
i=2(xd(i)− x̄d)2

�a
(10)

Cpx can be seen as the normalized standard deviation
of the second derivative of the signal. It is a measure of
the complexity of spectral behaviors. It displays values

below 1 for signals more complex than a sine wave and
was obtained by:

xdd(i)= x(i)−2x(i−1)+x(i−2)

T 2
e

∀i∈[3,N ] (11)

Cplx= �dd/�d
�d/�a

=
√

1
N−3

∑N
i=3(xdd(i)− x̄dd)2

�a
(12)

Spectral relative powers and edge frequency: Spec-
tral relative powers and edge frequency depend on the
spectral composition of the signal. They are expressed
as relative and frequency units, respectively, and thus
do not rely on the signal amplitude range and sampling
frequency. Relative spectral powers in the Nb =6 tradi-
tional frequencies bands, � [0.5,4.5Hz], � [4.5,8.5Hz],
� [8.5,12.5Hz], � [12.5,15.5Hz], � [15.5,22.5Hz],
and � [22.5,35Hz], are very common in the field of
quantitative EEG.

Let Sxx( fi) be the power spectral density computed
at frequency fi for the signal x . The relative power in
the frequency band [ f1, f2] is given by:

Pxx,rel( f1, f2)=
∑ f2

fi= f1
Sxx( fi )·� f

Pxx,tot
(13)

� f = Fs/N , with Fs being the sampling rate and N the
number of samples in x . Pxx,tot is the total power in Nb
different frequency bands:

Pxx,tot=
Nb∑
k=1

Pxx,rel( f1,k, f2,k) (14)

Spectral edge frequency (SEF) can be seen as a
robust summary of spectral activity, indicating the
frequency value at which �% of the spectral power of
a signal is obtained [23].

The SEF at level �% can be defined as:

SEF� =max
f

{ f |Pxx,rel(0, f )��/100} (15)

where Pxx,tot is evaluated in the frequency band
[0, Fs/2] and Fs the sampling frequency of the signal.

3.2. Machine learning

A classification framework for automatic sleep–wake
staging first requires designing a relevant machine
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(a) (b) (c) (d)

Figure 2. General architecture of the automatic sleep–wake stage learning scheme. Classifiers were obtained using: (a) an
instance database of PSG-derived features extracted at short time intervals and their corresponding expert visual scores; (b)
the selection of few representative exemplars discarding equivocal scoring epochs; (c) the attribute re-scaling and topological

learning to reject outliers; and (d) the canonical model learning of sleep–wake stages using a supervised training.

learning scheme. The general architecture of the
learning scheme implemented in the present study is
summarized in the diagram of Figure 2. In parallel
to an independent and visual interpretation of the
sleep–wake stages by two medical experts, candidate
features have been extracted automatically at short
time intervals from a large database of PSG records.
Subsequently, a limited subset of exemplars has been
selected to train machine classifiers and achieve the
instance-based learning of a canonical model associ-
ating PSG-derived features with unequivocal expert
scores.

3.2.1. Instance selection. In order to minimize the
impact on machine learning of inaccuracies related
to the judgment of human experts, equivocal scoring
epochs, i.e. 20 s epochs with a different score between
the two experts, were discarded. The remaining data
subset resulted in 69 585 non-equivocal scoring epochs
and represented 82.8% of the total number of epochs
scored by both experts. For each 2 s elementary epoch

included in this unequivocal subset, the extracted
candidate features and the corresponding expert score
were gathered together into a new database containing
695 850 instances.

To train classifiers using typical exemplars, machine
learning was further achieved after reducing the number
of instances and pruning noisy ones. To do so, a limited
set of elementary epochs representative of each sleep–
wake stages was visually identified by an expert in 10
individual PSG records (s101t1, s101t2, s105t1, s121t2,
s122t2, s123t2, s124t1, s125t2, s141t2, s142t2). The
resulting 5 040 instances with each stage equally repre-
sented formed the exemplar learning set used in the
present study.

3.2.2. Attribute scaling. To enable uniform handling
of numerical data by the classification algorithm, all
inputs were re-scaled to a smaller and similar range
using the Z-transform. Transformed data were obtained
using Z = (X−� j )/� j , where � j is the mean and � j
the standard deviation of the estimated feature j .
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3.2.3. Outlier rejection. In a final step prior to
actual machine classification, an additional procedure
was required to automatically clean the classifier
inputs and reject outliers related to the presence of
recording artifacts or movement time periods [12].
A NeoART artificial neural network based on the
adaptive resonance theory [24] was used in this
purpose.

NeoART topological learning consists of generating
a dictionary of weighted attributes W according to a
distance criterion. For each instance X in the exemplar
learning set, distances were evaluated from each of
the M generated weighted attributes W . The minimum
distance di was compared with the threshold dq .
When attributes were below that threshold, they were
considered close to Wi and the weighted instances
were then adjusted using Wi =Wi +a ·(X−Wi).
Otherwise, new weighted attributes were generated
again using WM+1= X , and so on. In order to scale
attributes according to the dimension of the input,
the empirical threshold dq =M+1.96 ·SD, with M
being the median distance within attributes and SD
the standard deviation, was defined with a a criterion
of 10%.

3.2.4. Classifier training. Following topological
learning, the classification of instances into sleep–wake
scores was achieved using a supervised artificial neural
network consisting of a feedforward back-propagation
MLP.

A set of classifiers was generated according to an
MLP architecture using three layers and a varying
number of neurons in the hidden layer. The MLP
included J neurons in the input layer, V neurons in the
hidden layer, and K neurons in the output layer. The
dimension J was imposed by the number of relevant
features extracted from the analyzed signals while K
corresponded to the number of outputs the classifier
was intended to produce. The dimension V in the
hidden layer was chosen after a series of tests including
a varying number of neurons. Owing to random initial-
ization, 10 MLP in each set were evaluated. Tangent
sigmoid (y= (2/(1+e2x))−1), linear (y= x) and
log-sigmoid (y=1/(1+ex)) transfer functions were
defined for the input, the hidden, and the output layers,
respectively. MLP weights were randomly initialized

using the Nguyen–Widrow initialization function and
optimization obtained using a Levenberg–Marquardt
method [25].

An optimal architecture could be selected according
to the average performance of the set of 10 MLP with
different number of neurons in the hidden layer. MLP
with 20 neurons in the hidden layer showed optimal
performance [10] and were elected for use in the present
study.

3.2.5. Feature selection. A selection of candidate
features previously extracted from the analyzed 2 s
signal intervals was achieved using a sequential
forward selection (SFS) algorithm [26]. According
to the minimum length description principle, the aim
of this task was to obtain an optimal model with
a minimal number of features to avoid overtraining
and achieve better generalization performance when
applied to unknown data.

The SFS algorithm starts searching the attribute
space with an empty set of features, then tests instances
according to the set of candidate features, and selects
features one after each other by minimizing a given
criterion. In the first step, if d disposable features
are enabled (d was 16 in this study), SFS starts by
learning d models with one feature (d MLP with one
feature in the input layer) and selects the one with
feature (ir1) that maximizes the performance crite-
rion. At step two, SFS tests d−1 models constructed
using candidate feature (ir1 ) and one of the d−1
remaining features. At the end of the process, d subsets
are presented with their associated performances
({ir1}, {ir1 , ir2}, . . ., {ir1 , ir2 , . . ., ird }).

Analysis of the selection progression allowed
defining a subset of features satisfying Occam’s razor
principle, which considers a model of minimal dimen-
sion d∗ whose performance poorly improves when
the model complexity further increases. SFS was
achieved according to the algorithm provided in
Appendix A.1.

3.3. Machine classification

In the first part of this study, an optimal set of PSG-
derived features has been identified, and a machine
classifier has been trained using a limited set of
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(a) (b) (c)

Figure 3. General architecture of the automatic sleep–wake stage classification scheme. Automated scoring
was achieved by successively: (a) re-scaling an optimal subset of PSG-derived features extracted at short time
intervals; (b) identifying outliers and classifying new instances using a pretrained machine classifier; and (c)

integrating final scores using simple decision rules.

exemplars. A classification scheme was then imple-
mented using the selected features and the pretrained
MLP. The general architecture of the proposed clas-
sification scheme (Figure 3) includes three distinct
processing modules. When applied successively, the
three modules perform an automated data processing
from the PSG signals to the final sleep–wake
scores.

3.3.1. Preprocessing and classification. The prepro-
cessing and classification modules (a and b in
Figure 3) were implemented using the optimal set
of candidate features previously identified from
one EEG and one EMG signals by the SFS algo-
rithm, and a pretrained classifier resulting from
the initial machine learning scheme.

Together two preprocessing sub-modules enable
the extraction and scaling of a set of attributes with
an elementary temporal resolution of 2 s. An inter-
mediate classification module subsequently identifies
outliers such as recording artifacts and movement time
periods using NeoART, and performs initial pattern

recognition of sleep–wake stages using a trained and
optimally performing MLP.

3.3.2. Post-processing. A post-processing module (c
in Figure 3) was finally introduced into the classifi-
cation scheme and implemented as a set of inference
rules allowing integration of the classifier-generated
outputs into final sleep–wake scores. In addition to
temporal flexibility, this decisional layer was supposed
to compensate for the effect of abrupt changes in
successive classifier outputs.

The present study used a rudimentary decision rule
consisting of a majority vote inspired by the 50% rule of
the standard staging criteria [1]. Such a rule states that
when more than one sleep or wake stages are present in
a given epoch, the score is that of the stage occupying
most of the time in the actual epoch. Here, among
k successive 2 s elementary scores, a final score was
obtained every k ·2s. With an actual value of k=10,
a decision was generated every 20 s allowing further
comparisons with the experts. In case of equality, a
decision was drawn uniformly from conflictual outputs.
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3.4. Performance assessment

The entire PSG records of all individual were submitted
to full automatic analysis according to the previously
described classification scheme. Final sleep–wake
scores obtained automatically were then compared to
those interpreted unequivocally by the two experts.

To estimate the error rate, a concordance matrix
P , with the intra- and inter-class agreements Pij, was
computed on the automatic and expert score series. The
individual error rate Pe for each record was used in eval-
uating individual performance. Global concordances,
obtained by summing up the individual matrix values,
provided an evaluation of the general performance of
the classification scheme for each sleep–wake stage.

The Cohen’s Kappa coefficient, which takes into
account agreement obtained by pure chance [27], finally
ensured statistical assessment of the machine classifica-
tion. By doing so, random classifications were indicated
by coefficient values close to zero and non-random ones
by values not far from one. The statistics was computed
using:

	= f0− fE
N− fE

(16)

with f0 being the frequency of diagonal observations
due to classification, fE the expected frequency of diag-
onal due to chance, and N the number of observations:

f0 = ∑
i= j

Pij, Pi =∑
j
Pij

Pj = ∑
i
Pij, fE = 1

N

∑
i= j

Pi ·Pj

(17)

4. RESULTS

4.1. Feature selection

The results of candidate feature selection obtained in
applying the SFS algorithm to a limited set of unequiv-
ocal exemplars are illustrated in the performance curve
of Figure 4.

An optimal set was obtained with five features.
As indicated in Table I, MobEEG was the first candidate
selected with an empirical error rate of 43%. Candidate
features ActEEG, SEF95,EMG, P�,rel,EEG, and P�,rel,EEG

Figure 4. Performance curve resulting from the sequential
forward selection algorithm during candidate feature search.
Progression of the classification global error is given as a

function of the feature subset dimension.

were then selected consecutively, achieving an optimal
error rate of 22%, after which adding more features
did not substantially improve performance.

4.2. Classification performance

4.2.1. Inter-expert agreement. The global agreement
in the sleep–wake stage scoring between the two experts
involved in the present study was 83±3%. The inter-
expert agreement and the sources of error for each
sleep–wake stages are provided in Table II. The highest
expert classification agreements were obtained for sleep
stages R, N3, and N2, respectively. The intra-class
agreements for stages MT, W , and N1 were the lowest,
each of these stages being mostly misclassified between
each other.

4.2.2. Global performance. The global error rate
calculated from the concordance matrix given in
Table III was 42%. The relative error rate, i.e. the
mean error rate by class, was 49%.

Wakefulness (W ) showed a correct machine clas-
sification of 34% only and was misclassified mostly
as stages N1 (41%) and R (13%). Transitional sleep
stage N1, with 43% of correct machine classifications,
was confounded with stage R (48%). Shallow sleep
stage N2, displayed a classification agreement of 51%
and was confounded mostly with stages N1 (12%) and
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Table II. Concordance matrix between the scoring of sleep–wake stages by the two human
experts involved in the study.

Expert AB

W (%) N1 (%) N2 (%) N3 (%) R (%) MT (%)

Expert ES W 80 10 1 0 2 7
N1 13 45 20 0 16 6
N2 0 1 91 6 1 1
N3 0 0 7 93 0 0
R 0 2 3 0 94 1
MT 7 1 6 0 1 85

Table III. Concordance matrix between machine and unequivocal expert scoring.

Machine

W N1 N2 N3 R MT
(5%) (13%) (28%) (16%) (36%) (2%)

Experts W (4%) 34% 41% 2% 1% 13% 9%
N1 (3%) 4% 43% 3% 2% 48% 0%
N2 (46%) 2% 12% 51% 5% 31% 0%
N3 (16%) 2% 0% 13% 82% 3% 0%
R (21%) 1% 15% 1% 1% 82% 0%
MT (10%) 22% 16% 17% 7% 26% 13%

R (31%). Deep sleep stage N3 was classified with a
high rate of correct classification (82%). It was mostly
misclassified with stage N2 (13%). Paradoxical sleep
stage (R), also with a high rate of correct classification
(82%), was confounded with stage N1 and displayed a
low error rate of only 15%. Epochs scored as movement
time (MT) were poorly classified (13% of agreement)
and misclassified as stages R (26%), W (22%), N2
(17%), and N1 (16%).

4.2.3. Individual performance. All individual results
are provided in Table IV. The individual error rates,
without consideration of the stage distribution, averaged
36±15% with a 	 of 0.48±0.18. The best classifi-
cation was achieved with an error rate of only 14%.
This PSG record (s105t6) had a small number of stage
N2 epochs (42%), which were scarcely misclassified as
stage R (12%). The lowest individual agreement was
obtained for record s141t7 with an error rate of 66%.
This record displayed an important number of stage N2

epochs (62%), among which 58% were misclassified
as stage R.

5. DISCUSSION

Few studies on automatic sleep–wake staging have
been undertaken using a database as large as the
one used in the present study. To the best of our
knowledge, none of them have ever consider the appli-
cability of automatic analysis to various signals from
heterogeneous PSG recording devices. According to
the methods developed and the results presented in
this study, evaluating the system performance was not
trivial and was thus considered in two stages. On the
one hand, we reported the performance observed in the
learning stage while optimizing the classifier inputs
and architecture. On the other hand, the accuracy
achieved while automatically scoring all PSG records
from the whole database with an epoch duration similar
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Table IV. Individual classification performance obtained with all records of the PSG database: ID, Pe and
	 represents the record identifier, the error rate and the Cohen’s 	 coefficient, respectively.

ID Pe (%) 	 ID Pe (%) 	

s101t1* 49 0.3 s101t2* 36 0.4
s101t6 36 0.4 s101t7 45 0.3
s105t1* 16 0.7 s105t2 14 0.7
s105t6 14 0.7 s105t7 15 0.7
s121t1 45 0.4 s121t2* 60 0.2
s121t6 22 0.6 s121t7 28 0.5
s122t1 27 0.5 s122t2* 33 0.5
s122t6 24 0.6 s122t7 22 0.6
s123t1 47 0.3 s123t2* 33 0.5
s123t6 47 0.3 s123t7 30 0.5
s124t1* 32 0.4 s124t2 51 0.3
s124t6 45 0.4 s124t7 45 0.3
s125t1 27 0.6 s125t2* 31 0.5
s125t6 21 0.6 s141t1 58 0.2
s141t2* 54 0.2 s141t6 61 0.1
s141t7 66 0.1 s142t1 51 0.3
s142t2* 42 0.4 s142t6 29 0.5
s142t7 38 0.4 s143t6 14 0.7
s143t7 22 0.6 s144t1 63 0.1
s144t2 58 0.2 s144t6 43 0.3
s145t1 54 0.2 s145t2 42 0.3
s145t6 27 0.6 s145t7 36 0.4
s146t1 22 0.6 s146t2 24 0.6
s146t6 14 0.7 s146t7 21 0.6

PSG records used in the learning scheme are indicated by *.

to that of the experts was presented in an attempt
to understand the different sources of error. Finally,
potential alternatives to improve the performance and
applicability of the proposed classification framework
were suggested in the view of the results obtained.

Based on empirical evaluation of the classifier
accuracy in the machine learning stage, the observed
performance showed a global error rate of 22%.
Accordingly, one could conclude that automatic clas-
sification showed an agreement close to that obtained
between experts (83±3%). However, the data set
used in this preliminary stage was the same than the
one used for training. This unrealistic assessment was
however useful in achieving a selection of relevant
candidate features using the SFS algorithm. Indeed,
limiting the number of features used as classifier inputs
not only avoids overtraining but also accelerates their
extraction, which represents the most time-consuming
task in automated analysis (on a standard personal

computer, approximately 15 min per 8 h of PSG record
with all the 16 candidate features).

In practice, it is important to note that PSG makes
use of numerous recording device brands and models
with various hardware characteristics and acquisition
settings. Also, an adequate bio-calibration of the
collected signals is not always achieved correctly,
and changes in the electrode impedance may occur
throughout the recording, which may lead to uncon-
trolled changes in signal amplitudes. In the present
study, we have tried as far as possible to develop
a system that could operate independently of such
heterogeneity in signal conditioning by considering
appropriate features. Although this property remains
to be demonstrated using PSG records collected with
multiple devices, encouraging results were obtained.

The three EEG descriptors elaborated by Hjorth
(Act, Mob and Cpx) have been included in our set of
candidate features. However, activity (Act) can greatly
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differ when computed from the raw signals of recording
devices operating at various sampling frequencies. The
inclusion of this feature might well adversely impact
robustness of the method and should thus be avoided.
The possibility to compute Hjorth’s descriptors by
estimating the frequency moments [22] would repre-
sent another alternative. The features sample entropy
(SaE) and the Hurst exponent (H) were of particular
interest since they are dimensionless. Here, they have
been partially optimized for computation on EEG
and EMG signals, but were not selected in the SFS
search. In our implementation, the estimation of these
features could still be biased by signal quantization
and sampling frequency, and, consequently, should be
re-evaluated in further studies. As a general principle,
device-independent estimation of features describing
PSG signals should require operating at constant quan-
tization scale and sampling rate. This could easily be
achieved by re-sampling and re-quantisizing all signals
at lower resolutions, for example, at 100Hz on 8 bits,
before classification.

With respect to the order of candidate selection in
the selective forward search, the optimal set of features
identified in the present study consisted of MobEEG,
ActEEG, SEF95,EMG, P�,rel,EEG, and P�,rel,EEG. In a
concurrent study [28], a subset of different features
(P�,rel,EEG, MobEMG, P�,rel,EEG, P�,rel,EEG, ShEEEG,
ShEEMG, and P�,rel,EEG) has been selected from a
combination of EEG and EMG signals. Performance
of both studies was surprisingly similar with a reported
accuracy rate of 78 versus 80%, respectively. Together,
these results obtained from the same PSG records
reveal the redundancy and the competing nature of
some features. In our optimal feature set, Hjorth’s
activity (ActEEG), which varies according to changes in
the analyzed signal amplitude, probably accounted for
the recognition of deep sleep (stage N3) characterized
by the appearance of high-amplitude EEG slow waves.
In the study of Zoubek et al. it might well have been
Shannon’s entropy (ShEEEG), which displays highest
levels during deep sleep. The two features commonly
selected in both studies were relative EEG powers in
the sigma and beta frequency bands. From a neuro-
physiological point of view, the former is a well-known
marker of the occurrence of sleep spindles, which
represent a salient feature of shallow sleep (stage N2),

while the latter reflects bioelectrical activity in the
high-frequency range characterizing activated brain
states such as wakefulness and paradoxical sleep (stage
W and R, respectively).

The innovative aspect of our study was to take into
account rapid changes in PSG signals and, by doing so,
the micro-structural aspect of sleep. Indeed, from our
combined approach using short-time feature extraction
and additional decision rules, new properties emerged
from the classification system, and notably that of
producing results at a flexible time resolution matching
various expert requirements (human and animal
researchers as well as clinicians). Because of both the
rapid alternance of vigilance states and the presence of
intermingling recording artifacts, the selection of short
learning exemplars representative of each sleep–wake
stages from the instance database was easier than that
of larger epochs. Actually, the careful selection of a
small amount of 2 s learning epochs was a key factor in
achieving good performance. Given its cost-sensitive
nature, our learning scheme ensured the acquisition
of relevant structural descriptions from the feature
space and prevented discovering spurious, contingent
or accidental irregularities. On one PSG record, the
individual error rate was as low as 14% indicating
that the method could work quite fairly. However, as
reflected in the testing stage by a large global error
rate (42%) obtained using the unequivocal instance
database, our classifier training apparently suffered
from a limited set of exemplars, which could have
been insufficient considering a large inter-individual
variability in EEG signals. Consequently, the accuracy
of our classification method may probably benefit from
a larger number of individuals in the learning set.

Another crucial aspect of this study was the imple-
mentation of a self-organized module (NeoART, see
Section 3.2.3) to process attributes and reject outliers
before they served as inputs to the actual sleep–wake
stage classifier. Using an adaptive threshold, this
module detects extreme attribute values and, by doing
so, enables the identification of elementary epochs
contaminated by recording artifacts and the subsequent
detection of movement times (MT). Actually, while
the experts scored an average of 10% of MT epochs
in the testing set, only 2% were obtained from auto-
matic analysis, with misclassifications distributed in
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almost every other stages, and mostly in wakefulness,
transitional, shallow and paradoxical sleep (22, 17, 16,
and 26% for W , N1, N2, and R, respectively). Many
outliers were thus automatically filtered out, the experts
being more selective than the machine in scoring
MT each time a movement-related artifact of short
duration occurred in the actual 20 s epochs. While the
standard criteria for staging MT are ill-defined in the
existing guidelines, this problem could be addressed
by introducing a specific post-processing rule for MT.

The analysis of the concordance matrices revealed
that expert-scored wakefulness epochs were classified
not only as MT, but also as transitional and paradoxical
sleep, with error rates of 9, 41, and 13%, respectively.
It has to be noted that wakefulness and movement time
were scored by the experts with an accuracy in the 80%
range only. In fact, the stage W described in the sleep
scoring guidelines brings together multiple behavioral
states such as active wakefulnes and passive wakeful-
ness with the eyes either opened or closed. Distinct EEG
and EMG patterns characterize these different states,
which most probably explains the errors.

To a similar extent, fully automated analysis demon-
strated similar issues in discriminating transitional from
paradoxical sleep, with reciprocal error rates of 48 and
15% between stages N1 and R. As surprisingly as it
could be, the inter-expert scoring agreement for stage
N1 was as low as 45%. From a waveform point of view,
these two sleep stages exhibit similar activated EEG
patterns not easily discriminated even by an expert.
Whether our approach of excluding the EOG channel
could have decreased classification accuracy remains
questionable. Conflicting results have been published
in this respect with reports of either an excellent perfor-
mance in classifying sleep stages without EOG [6], or
of a 25% increase in the discrimination accuracy of
transitional sleep without impacting that of paradoxical
sleep [13]. However, the low accuracy of our system
in classifying transitional sleep indicates the lack of an
adequate feature, derived from either an EEG or EOG
channel.

While deep sleep (stage N3) and paradoxical sleep
(stage R) were both classified with levels of agree-
ment comparable to that of the two human experts
(82 versus 93% and 82 versus 94%, respectively), our
system was relatively inaccurate in classifying shallow

sleep (stage N2), which was misclassified as transitional
sleep (12%) and paradoxical sleep (31%). According
to the individual error rates, it was clear that the indi-
vidual sleep structure accounted for most errors. Thus,
our classifier with poor performance for stage N2 led to
poor performance when applied to individuals sleeping
dominantly in this stage. Shallow sleep is a very hetero-
geneous stage that is frequently scored when all the
criteria for other sleep–wake stages are not fully met.
Also, when assessed in 2 s epochs, shallow sleep shows
many transitions to or from other sleep stages, but the
simple inference rule used in the present study was not
designed to account for such rapid changes.

In this study, we have chosen to classify and post-
process 2 s elementary segments of PSG recorded EEG
and EMG signals to fully automate the scoring of sleep
and wake stages. While temporal segmentation [29–31]
could have been used in this regard, a flexible deci-
sional module ensured suitability for both human and
animal studies, which use various but fixed scoring
epoch durations (4, 5, 10, 20, 30, or 60 s). Even though a
simple inference rule alone was expected not to perform
optimally, a majority vote has been retained in this
proof-of-concept study. Increasing the performance of
the proposed classification scheme can reasonably be
expected by including additional decision rules based,
for example, on the use of contextual information.

Various biomedical applications involving human
expertise in pattern recognition of time series gener-
ated by linear or non-linear biological processes could
benefit from the method developed in the present
study. Similar machine learning and classification
schemes have indeed been used in brain–computer
interfaces [32]. In the light of our results, the machine
classification of signals of different nature, such as
accelerometric and magnetic data in the analysis of
motor manifestations related to degenerative diseases
or epileptic seizures [33], and vital signs for patient
monitoring and hemorrhagic shock detection [34],
would, for example, also merit further developments.

6. CONCLUSIONS

We have shown that combining short-time feature
extraction, supervised artificial neural networks, and
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simple decision rules provides a flexible classification
framework capable of achieving appreciable perfor-
mance in the automation of sleep–wake stage scoring.
Further research and optimization in this direction,
with the incorporation of additional domain-knowledge
using more sophisticated expert-based rules, may well
lead to increasing performance up to a satisfactory
level of applicability on heterogeneous PSG records.

APPENDIX

A.1. Sequential forward search algorithm

Start
Let Ir :={∅}, indices set of retained features
Let Id :={1, · · ·,d}, indices set of disposable features

While (Id �= {∅}) do
For i ∈ Id do

Ic(i) := Ir ∪i , indices set of running features to
evaluate

Create SIc(i), set of examples with features in Ic(i)
Compute �(i), performance criterion for Ic(i)

End For
Select ir that minimizes �
Update :
Ir := Ir ∪ir
Id := Id\ir

End While
End
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