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In this paper, a study is conducted to investigate the use of a Long Short-Term Memory (LSTM) learning system in
automatic sleep stage scoring. The developed algorithm will automatically learn to classify sleep stages from any
acquired sleep signals data-set. This allows to resolve the difficulties that are facing experts in manual sleep stage
scoring. A total of 39 Polysomnogram (PSG) recordings acquired from the online PhysioNet Sleep-EDF database
are used in this study. The PSG recordings are chosen to be from the EEG Fpz-Cz signals only. The database comes
with annotation files that include expert manual stage scoring based on the Rechtschaffen & Kales (R&K) scoring
manual. The obtained signals go initially through a pre-processing procedure where sleep stages signals are
extracted, normalized, and filtered. The resulting sleep signals are trained using a k-fold cross-validation scheme
of 10-folds. Prior to the training and classification process, the LSTM network architecture is built using Uni- and
Bi-directional structures to utilize both the forward and backward chains of data sequences. At the end, the
developed algorithm performance is evaluated and a complete performance summary table is provided relative
to other State-of-the-Art deep learning studies. The performance of this study is evaluated initially without the
merging of S3 and S4 sleep stages following the R&K manual, which is considered challenging due to the minor
differences between the signals. Then, the performance is evaluated following the recent American Academy of
Sleep Medicine (AASM) scoring manual with the merging of the two stages as N3. The developed algorithm
achieved higher results using the Bi-directional LSTM. In addition, it achieved the highest accuracy among all
other studies in the field with 97.28%. Furthermore, Cohen’s kappa and F1-score were more than 72% on
average between all sleep stages. According to the confusion matrix, the algorithm successfully classified sleep
signals with an overall True Positives percentage of 91.92%. The performance of the algorithm improved
following the AASM manual, where the Cohen’s kappa value increased from 72.55% to 77.73%. The developed
algorithm showed potential in automatic sleep stage classification. Future works include further enhancements
on the LSTM algorithm to achieve higher levels of performance.

1. Introduction

Sleep is a naturally restorative state for the health of the human mind
and body. It is mainly characterized by a suppression of all voluntary
muscles with an altered consciousness, where humans go under a mental
and physical recurring process [1]. However, a major problem occurs
when this natural state is interrupted by various sleep disorders such as
sleep apnea, insomnia, and restless legs syndrome [2-4]. According to
the World Health Organization (WHO), nearly 1 Billion people suffers
from Obstructive Sleep Apnea (OSA) worldwide [5]. In addition, the
American Academy of Sleep Medicine (AASM) estimated that more than

30% of adults at the US have symptoms of insomnia [6]. The gold
standards to diagnose human sleep state is the Polysomnogram (PSG)
[7-9]. This laboratory tool monitors the sleep overnight based on brain
activity (Electroencephalogram, EEG), heart rhythm (Electrocardio-
gram, ECG), muscle activation (Electromyogram, EMG), and eye
movement (Electrooculogram, EOG) biosignals [10-12]. It assists cli-
nicians to manually determine sleep stages and scores of patients by
labeling each segment of 20-30 s duration, called an epoch, with its
corresponding sleep stage [9,12].

Sleep stage scoring is a technique that is commonly used to identify
sleep stages and help in sleep disorders treatment [12]. It is normally
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Fig. 1. The complete procedure followed in the study.

done according to two manuals: the old Rechtschaffen & Kales (R&K)
and the recently introduced AASM. According to R&K scoring manual
[13], sleep is divided into six stages: an Awake (W) stage followed by
four stages referred to as the Non-Rapid Eye Movement (NREM) stage
and ends by the REM stage. The NREM stage includes the transitional
sleep (S1), light sleep (S2), deep sleep (S3), and slow wave sleep (S4)
stages [1,14].In 2007, AASM produced an updated scoring manual [15].
The stage W (same as R&K) stage is represented by the alpha waves of
frequency 8-12 Hz. Stage N1 (S1 in R&K) is associated with slower theta
waves of frequency 4-7 Hz. Stage N2 (S2 in R&K) is usually linked with
an increased amplitude of the signals, sleep spindles of 12-14 Hz fre-
quency bursts of activity, and K-complex fast waves. In stage N3 (S3 and
S4 in R&K), the delta wave of frequencies from 0 to 3 Hz dominates,
while the sleep spindles and K-complex continue to appear but with a
decreased amplitude. The final stage, R (REM in R&K), is characterized
by having dreams and a combinations of alpha, beta, and theta waves
[14,16,17]. Based on these classifications, clinicians up to date manually
diagnose acquired sleep PSG recordings. This manual sleep staging and
scoring process is considered convoluted and time consuming, as there
may be multiple observations and conclusions from different clinicians
due to signals artifacts [1,18]. In summary, the major differences be-
tween the two manuals in scoring are: the difference in terminology and
the combination of S3 and S4 into one stage N3. Further differences
exists concerning the derivation of electrodes, the definition of
sleep-wake transition, slow waves, k-complexes, etc.

Recently, there has been a wide interest to provide an accurate
automated sleep staging process to assist in sleep disorders diagnosis.
Most automated sleep stages classifications rely on either feature
extraction algorithms or deep learning networks [3,12,19]. In feature
extraction, features that could be extracted from time- or
frequency-domain signals are used to train a classifier to automatically
predict the stages. In this area, many research works focused on feature
extraction using fuzzy classification [20,21], Support Vector Machine
(SVM) [22-26], wavelet transform [27-29], decision trees [24,30,31],
random forest [27,32,33], and nearest neighbours algorithms [34].
These works showed a strong potential of using hand-crafted features for
sleep stage scoring. However, due to the variable nature of the PSG re-
cordings, these methods may lack the needed accuracy and require
continuous tuning. In deep learning networks, this issue is solved by
training the system to learn directly from the raw recordings data [3].
Research works through deep learning are focusing mainly on the use of
Convolutional Neural Networks (CNNs) [35-37] and Recurrent Neural
Networks (RNNs) [38-43] in sleep stage scoring.

In Artificial Intelligence (AI), RNN is a neural network that is char-
acterized by having a chain-like structure. The connections between
nodes form dynamic loops to allow for capturing the temporal sequence
of data [44,45]. Even though the use of RNN showed efficient outcomes,
it is considered difficult to train the network due to the exploding
gradient problems of the back-propagating process [45]. To overcome
this issue, Long Short-Term Memory (LSTM) networks are proposed to
utilize the long-term dependencies of data. LSTM networks include a
feedback connection that allows gradients to flow unchanged. It has
been used for various applications including image captioning, speech
recognition, and language modeling [46,47]. By incorporating LSTM
within the framework of RNN for biomedical applications, sleep stage
scoring becomes achievable.

1.1. Our contribution

In this paper, a study is conducted on the use of LSTM to automati-
cally classify sleep stages from acquired PSG recordings. A single raw
EEG signal (Fpz-Cz) is extracted from PSG recordings along with the
corresponding sleep stage. The EEG signal is divided into epochs of 30 s
and annotated with its corresponding sleep stage prior to pre-processing
steps of normalization and digital filtering. The stages are selected
initially based on the R&K scoring manual, then they are changed
following the recent AASM scoring manual to compare the performance.
The pre-processed EEG signal is used as a feature vector to be fed to an
LSTM classification network following both the Uni- and Bi-directional
structures. Prior to the classification and training process, the result-
ing sleep signals are divided into training and testing following a k-fold
cross-validation scheme of 10-folds. In addition, the LSTM network ar-
chitecture is built with a pre-defined training parameters to ensure an
improved performance. At the end, the overall performance of the
developed algorithm is evaluated using multiple metrics such as the
accuracy, sensitivity, specificity, precision, F1-score, and Cohen’s Kappa
(x). Furthermore, a summary table is provided to report the performance
of this study relative to other State-of-the-Art studies that use deep
learning for automated sleep stage scoring.

The main contribution of this work is to investigate the use of Long
Short-Term Memory models in classifying sleep stages corresponding to
the two current scoring manuals. In addition, reporting the efficiency of
using Uni-directional and Bi-directional LSTM for automated classifi-
cation based on LSTM-based extracted features rather than manual
feature engineering. Despite achieving high levels of accuracy, manual
feature engineering may be sensitive to errors. Extracting features



L. Fraiwan and M. Alkhodari

manually could be very sensitive to noise, strength of the acquired sig-
nals, and other manual adjustments done prior to the sleep identification
process. These manual adjustments are omitted by using neural net-
works, which usually provide better performance but with the price of a
higher computational demand as well as more training data to be
included in the learning model [48]. Therefore, LSTM layers learn fea-
tures and utilize them to classify signals to their corresponding stages.
The models learn each signal features on its own based on its conditions
without any manual features interference. Furthermore. the S3 and S4
sleep stages are separated and the performance of the algorithm is tested
unlike most studies where they merge both stages prior to the classifi-
cation process. Furthermore, a summary table provided a short review of
the current research works in the field. The overall procedure followed
in the study is illustrated in Fig. 1.

1.2. Paper organizations

The paper is organized as follows. In Section 2, a brief explanation of
the architecture of LSTM is provided along with the corresponding
mathematical formulation in both the forward and backward chains.
Section 3, the materials and methods used in this study are outlined
including the selected subjects database, pre-processing steps, LSTM
classification and training process, and performance evaluation metrics
explanation. For Section 4, the overall performance of the algorithm is
evaluated and discussed, In addition, a complete summary table of this
study’s performance relative to other State-of-the-Art studies is pro-
vided. The paper is concluded with future works in Section 5.

2. LSTM architecture

The architecture of the LSTM neural network is composed of a cell
surrounded by multiple units that work as memory blocks. These blocks
store the temporal state of the network continuously. The cell works by
implementing these blocks, named as gates, to manage the information
flow within the network [49,50]. These gates are the input (i), output
(0), and forget (f) gates. The input gate controls the activations of the
input flow, the output gate controls the activation of the output flow,
and the forget gate resets the memory to calculate the data proportion
needed to be kept [49,51]. To be able to provide a short-term memory
storage, the Constant Error Carousel (CEC) recirculates the activations
and the error signals each time an input is entering the network.
Furthermore, peephole connections are used as the feedback sources
between the cell and the gates [52].

In terms of mathematical equations, conventional RNN output vector
y and hidden vector h at time instant t are usually updated iteratively
based on the input sequence x = (x7, Xz, ...,xr) as follows,

h, = W//h(WXh-Xt + Winhi—1 + bh) v
V=, (Whyhz + by) ?

where /7' is the hidden layer function, W is the weight matrix between
vectors, b is the bias vector [53,54], and 7, is the output layer function.

However, as previously discussed, upon training the system with this
structure, the exploding gradient problem appears when back-
propagation takes place. Therefore, the LSTM architecture allows for
resolving this issue. The standard structure of the LSTM network in the
forward chain is described by the following equations to better imple-
ment the hidden layer /7 function,

iy = 6(Wyx, + Wiihyy 4+ Weic,y + b;) 3)
fr = G(foxt + vv/{fhr—] + Wt;fcr—l + hf) (4)
0y = G(Wxnxr + W/mht—l + Weoc + bn) (5)

¢, = tanh(Wyex, + Wyeh—1 + b.) 6)
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Fig. 2. The Standard Long Short-Term Memory (LSTM) architecture in the
forward direction.

Ci=fiCiy +iwc, )
hy = otanh(c,) (8)

where W, are the input-to-gate weights, Wy are the hidden-to-hidden
weights, W,- are the peephole weights, c is the cell input, C is the cell
output, and h is the hidden layer output. The function used is the sig-
moid, o(), representing a hard gating function bounded by (0,1). The
complete architecture is shown in Fig. 2. The dashed line represents the
LSTM cell and gates.

On the backward chain, the hidden layer h,.; is utilized in the
equations [49,51]. To process sequence data in both the forward and
backward chains, the Bi-directional LSTM (BDLSTM) networks are
introduced [51,55]. The final output, y;, of a BDLSTM network is rep-
resented as,

N -
=Wy W+ W;th +b, 9

where W and AV are the hidden layers output in the forward and
backward directions, respectively, for all N levels of stack. Both hidden
layers outputs are calculated iteratively using positive and reverse se-
quences from time t —n to t — 1, respectively, where n is the historical
time frames or steps. Both outputs are then concatenated using a sigma
(0) function and fed to the main output vector. The forward chain
equations use hidden layers of h;;, whereas the backward chain
equations use hidden layers of hy,;.

3. Material and methods
3.1. Subjects

The EEG data-set is obtained from the PhysioNet Sleep-EDF Database
[56] that has been widely used in literature [57-60]. The database in-
cludes a collection of two PSG recordings data-sets obtained for two
separate studies. The first data-set, named as Sleep Cassette (SC), con-
tains 39 PSG recordings acquired for a study on the effects of age on
sleep patterns between 1987 and 1991. The subjects of the study are
healthy 20 Caucasian patients (10 Male and 10 Female) of 25-35 years
old not taking any type of medications. From each patient, two PSG
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Fig. 3. Samples of the extracted sleep signals representing the six sleep stages: (a) Awake, (b) Transitional Sleep (S1), (c) Light Sleep (S2), (d) Deep Sleep (S3), (e)

Low Wave Sleep (S4), (f) REM.

Table 1

Number and percentage of each sleep stage from the obtained EEG signals.
Sleep Stages w S1 S2 S3 S4 REM Total
Total Number 72391 2805 17799 3370 2333 7717 106415
Percentage 68.03% 2.64% 16.73% 3.17% 2.19% 7.25% 100%

recordings of 20 h length each were obtained during day and night
periods. The subjects wore a cassette-tape recorder and did not receive
any sleep-related medications. On the other hand, the second data-set,
named as Sleep Telemetry (ST), includes 44 PSG recordings obtained
for a study on the effect of temazepam on sleep in 1994. The subjects for
the study are 22 Caucasian males and females that had difficulties get-
ting asleep. Two 9-h PSG recordings were obtained from each patient in
the hospital for two nights. All subjects wore a telemetry device to ac-
quire the signals. Both PSG data-sets include EEG (Fpz-Cz/Pz-Oz chan-
nels), EOG, submental EMG, oro-nasal airflow, rectal body temperature,
and event marker signals. The hypnograms included labels for all sleep
stages (W, S1, S2, S3, S4, REM) scored manually by experienced tech-
nicians at every 30 s epochs based on the R&K scoring manual. Two
additional scores, M and ?, are given to the data at any period repre-
senting movement and an undefined score, respectively. To provide
sleep stages according to the current AASM scoring manual, stages S3
and S4 were manually merged into a single N3 stage.

For this study, only the raw EEG Fpz-Cz signals are utilized within
the proposed algorithm. The selection of this channel was due to
achieving better performance in sleep stages classification in several
studies [61-63]. The recordings used were obtained from the SC data-set
with a total of 39 signals obtained from 20 patients. One recording is
missing due to cassette issues. The signals are sampled with a 100 Hz
sampling rate without any prior filtering.

3.2. Pre-processing

To prepare the EEG signal for the classification procedure, the
following steps are performed:

e EEG Signals Extraction.
e Signals Normalization.
e Savitzky-Golay Filtering.

Each step is briefly described in the following subsections.

3.2.1. EEG Signals Extraction

The data-set of EEG signals acquired from the PSG recordings
described in subsection 3.1 contains continuous raw EEG signals cor-
responding to each patient. In addition, each signal comes with an
annotation file that matches every 30 s epoch by its corresponding sleep

stage score. Therefore, at each epoch, the signal is segmented and stored
based on its sleep stage score. Fig. 3 shows samples of the six sleep stages
signals extracted from the raw EEG signals. In addition, Table 1 shows
the number and percentage of each sleep stage. The majority of the re-
cordings included W signals with around 68.03%. Furthermore, S2 and
REM had the highest amount of signals with 16.73% and 7.25%,
respectively. It worth noting that after merging S3 and S4, the per-
centage of N3 stage following the AASM manual is 5.36%.

3.2.2. Signals Normalization

The extracted EEG signals are of large dynamic ranges in terms of
signal amplitude. This causes smaller trends to be dominated by larger
trends, and therefore, lose important information from the signals. To
overcome this issue, signal normalization is applied to all sleep signals to
ensure that they have a mean of zero and a unity variance (u = 0,62 = 1).
This step results in correctly identifying outliers within the sleep signals,
which is considered an advantages in identifying differences between
different signals. In literature, this step has been proven to improve the
overall performance of training results in neural networks [64-66]. The
normalization function selected is (normalize ()) utilized from the
MATLAB signal processing toolbox [67].

3.2.3. Savitzky-Golay Filtering

Savitzky-Golay (SG) Finite Impulse Response (FIR) filter is used to
filter the EEG signal before the classification. SG is a digital filter that is
used to smooth signals and increase its overall Signal-to-Noise (SNR)
ratio [68]. The SG filter fits any input signals with a low order poly-
nomial based on the linear least-square method. The least-square
method results in having a set of polynomial coefficients. The convo-
lution of all polynomial coefficients is applied to all the signal data
points to estimate a smother signal [69,70].

If a signal has a set of data with a n{x;,y;} points, where x is the
independent variable and y is the corresponding observed value for all
j=1,2,...,n points, the set of m polynomial coefficients, C;, is used to
obtain the smoothed signal, Y}, as follows,

i=(m—1)2
m+ 1
Y= Z Ciyjri ) a0
i=—(m-1)/2

In this study, the filter inputs used are the polynomial order and
frame length. Based on trial and error, these values were selected to be 3
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and 25, respectively. In addition [70], recommended the use of poly-
nomial order of 2-4 and a frame length of 17-25 for a better SNR
adaptive filtering. The filter is used within MATLAB with the function
(sgolayfilt ()). As features are derived automatically within the
training model, SG filtering allows LSTM layers to easily extract features
at each time step as there is less noise contaminated within signals.

3.3. Classification and training

Before starting with the classification and training process for the
LSTM network, the filtered signals are split into two parts; training and
testing signals. The splitting scenario is done using a k-fold cross-
validation scheme of 10-folds. This scheme allows the training and
testing over the whole dataset. Thus, the performance of the algorithm
can be evaluated after going through all signals. In addition, two major
steps are followed to ensure successful automatic sleep stage scoring;
LSTM network layers selection and training parameters setting.

3.3.1. LSTM network layers

The LSTM network architecture is selected to be either an Uni-
directional or Bi-directional LSTM to process the data in both the for-
ward chain alone, and with both the forward and backward chains at the
same time. The features of each signal are derived at every time step x =
{x[0],x[1],x[2], ..., x[n]} based on the selected training model. LSTM
learns the features on time increasing manner if Uni-directional was
selected. On the other hand, it learns features on both time sequences if
Bi-directional was selected. In addition, the network consists of four
major layers. These layers are the input sequence layer, fully connected,
softmax, and classification layers. The input sequence layer is specified
to have 3000 sequence data representing the total number of elements
per signal. The fully connected layer provides the output sequence,
specified to have 6 or 5 classes, by multiplying the input sequence by a
weight matrix with the addition of a bias vector [60]. For the prediction
of class labels, a softmax layer and a classification layer are added to the
network.

3.3.2. Training parameters

The training parameters are selected to provide efficient LSTM
training process. The number of nodes (hidden-units) in the LSTM model
should be carefully selected to prevent over-fitting in the model during
training [71]. The following equation is followed,

N,
N=— > 11
"Tax (Ni+N,) an
=
o
e
2
2
£
<

Seconds
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< 5 : : : : ‘
=25
[0}
_?3 0
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(b) After Pre-processing

Fig. 4. Sample from the signals before and after z-score normalization and SG
filtering: (a) Original Signals, (b) After Pre-processing.
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where Nj is the number hidden nodes, N; is the number of training
samples, N; is the number of input neurons, and N, is the number of
output neurons. The equation requires a multiplication by a scaling
factor, a, which is usually a value between 2 and 10. In the current study,
N}, is set to be 10 based on having N; as 3000 for input nodes and N, as 1
for each output class. In addition, the value of « is chosen to be the
lowest (0.2) due to having around 50000 training samples. Furthermore,
to evaluate the gradient of the loss function at each iteration during
training, a sub-set of the training data, named as a mini-batch, is set to
have a size of 50. The decision of having a small size of batches was to
ensure quicker convergence and reduce the calculations complexity
while training. It has been found in literature [72,73] that a default
mini-batch size of 32 or 64 is recommended for better training perfor-
mance. Therefore, a value in this range ensures a balance between
having a good performance and requiring less computational complexity
as well as time during training. It worth noting that the mini-batch size
usually requires a trial and error selection approach based on the
amount and type of the data used in training. The optimizer is chosen to
be the Adaptive Moment Estimation (ADAM) solver. ADAM provides the
ability to compute adaptive learning rates for the first and second mo-
ments of the gradients of different parameters [74]. The optimizer is set
to have a learning rate (@) of 0.001, 8, of 0.9, and /3, of 0.999 by default
settings. In addition, the network is allowed to pass 30 times through the
training data with a total number of epochs of 30. The selected gradient
clipping threshold is 1.

3.4. Performance evaluation

To evaluate the performance of the LSTM classifier, the corre-
sponding confusion matrix of the classification process is obtained. The
confusion matrix is a table that represents the classifier predictions for
each sleep stage versus the manual experts’ stage scoring (the gold
standard). From the confusion matrix, several metrics are calculated
including the accuracy, sensitivity, specificity, precision, and F1-score
for each sleep stage. The Fl-score represents an average between the
sensitivity and precision [75]. The metrics are defined as follows,

TP + TN
Acci V= 12
CUraY =TPp TN+ FP+ FN 12
TP
Sensitivity = ——— 13
ensitivity TP+ FN 13)
TN
Specificity = ——— 14
pecificity =" Fp a4
TP
Precision=———— (15)
TP + FP
2TP
Fl—score = ——"———— (16)
2TP + FP + FN

where TP, TN, FP, and FN are the total number of true positives, true
negatives, false positives, and false negatives, respectively. Further-
more, the definition of each parameter for each sleep stage based on the
manual expert stage scoring is.

e True positives (TP): The total number of the sleep stage being clas-
sified correctly.

e True negatives (TN): The total number of other sleep stages being
classified correctly as other sleep stages.

e False positives (FP): The total number of the sleep stage being clas-
sified incorrectly.

e False negatives (FN): The total number of other sleep stages being
classified incorrectly as other sleep stages.

In addition, the Cohen’s kappa (x) coefficient, which is a value that
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Table 2
Confusion matrix of the manual expert stage scoring and the Uni-directional LSTM automated stage scoring following the R&K manual.
Expert Scoring Total
w S1 S2 S3 S4 REM
LSTM Scoring w 70896 597 1227 500 410 346 73976
S1 220 1054 350 21 5 123 1773
S2 728 793 15160 1053 160 397 18291
S3 158 19 498 1359 468 18 2520
S4 130 4 83 394 1277 8 1896
REM 259 338 481 43 13 6825 7959
Total 72391 2805 17799 3370 2333 7717 106415
Table 3
Confusion matrix of the manual expert stage scoring and the Bi-directional LSTM automated stage scoring following the R&K manual.
Expert Scoring Total
w S1 S2 S3 S4 REM
LSTM Scoring w 70970 434 914 335 218 340 73211
S1 300 1338 422 14 7 151 2232
S2 697 760 15405 922 117 421 18322
S3 119 17 608 1699 443 20 2906
S4 91 10 59 369 1533 5 2067
REM 214 246 391 31 15 6780 7677
Total 72391 2805 17799 3370 2333 7717 106415

represents the agreement between two scoring decisions [76], is calcu-
lated for each sleep stage. This value is calculated as follows,

PU - Pc
— 17
K=1P, 17)
where Py and P, represent the observed agreements and the agreements
expected by chance, respectively. In this study, the x value represents the
agreement between the LSTM classifier and the manual expert stage
scoring, and is used to evaluate the overall algorithm performance.

4. Results and discussion

A sample from the signals before and after pre-processing is illus-
trated in Fig. 4. The z-score normalization and SG filtering makes it
easier for the deep learning model based on LSTM to learn feature from
signals. The averaging window was 25, this, a smoother signal was
observed prior to training the models.

The algorithm was allowed to run on an Intel processor (i7-9700)
with 32 GBs of RAM. The training process was performed on the NVIDIA
GeForce GTX 1070 of 8 GBs display memory (VRAM). The duration of
the training process was less than 2 h due to the cross-validation scheme
followed in the current study. For a single fold, it took around 10 min to
finish the process.

It worth noting that the data-set used included 106415 stages with
the majority coming from the W stage. Unlike previous research works,
the stages were not reduced and the LSTM models were trained using the
exact data-set with no interference. Despite having imbalance in the
stages, the model achieved acceptable levels of accuracy with no over-
fitting in the training phase.

4.1. Overall algorithm performance (R&K scoring manual)

The confusion matrix of the algorithm based on the R&K manual is
shown in Table 2 and Table 3 for the Uni- and Bi-directional LSTM,
respectively. The diagonal blocks represent the TP values of each sleep
stage. From the table, these values are the highest in every row and
column, which shows the success in classifying sleep stages. According
to the confusion matrix of the Uni-directional LSTM, the overall number
of TPs was 96571 with a 90.55% overall accuracy. On the other hand,
the Bi-directional LSTM provided a total number of the TPs for all sleep
stages of 97725, which is around 91.92% in accuracy relative to the total
number of scores.

In addition, Table 4 and Table 5 shows the overall performance of the
developed algorithm using the metrics described in subsection. 3.4 for
each sleep stage using the Uni-directional and Bi-directional LSTM,
respectively. For the Uni-directional LSTM, the algorithm achieved an
average accuracy of 96.92% =+ 1.50 with a Cohen’s kappa value of
67.66% =+ 20.59. The sensitivity and specificity of the system reached an
average of 74.20% =+ 16.45 and 97.91% =+ 1.40, respectively. The pre-
cision ranged between 37.58% and 97.93% with an F1-score of 70.09%
+ 22.11 on average. On the other hand, the Bi-directional algorithm
achieved an accuracy of 94.12-98.62% for all the sleep stages.
Furthermore, the specificity of the algorithm got an average value of
98.04% =+ 1.33 between all sleep stages. The values of the sensitivity,
precision, and F1-score is averaged at about 76.99% =+ 15.61, 72.71% +
21.14, and 74.64% + 18.57. As for the Cohen’s kappa value, the algo-
rithm achieved a 72.55% + 17.40 agreement between and developed
LSTM algorithm and the manual expert stage scoring. It is clearly seen
that the Bi-directional system slightly outperform the Uni-directional
system, especially with the value of Cohen’s kappa from 67.66% to

Table 4
The overall performance evaluation of the developed algorithm using Uni-directional LSTM in sleep stage scoring following the R&K manual.
Metrics Cohen’s Kappa (x) Accuracy Sensitivity Specificity Precision F1-score
w 89.99% 95.70% 95.84% 95.39% 97.93% 96.87%
s1 44.92% 97.68% 59.45% 98.33% 37.58% 46.05%
S2 80.75% 94.58% 82.88% 97.01% 85.17% 84.01%
S3 44.65% 97.02% 53.93% 98.06% 40.33% 46.15%
S4 59.60% 98.43% 67.35% 98.99% 54.74% 60.39%
REM 86.05% 98.10% 85.75% 99.09% 88.44% 87.08%
Average 67.66% + 20.59 96.92% =+ 1.50 74.20% =+ 16.45 97.81% =+ 1.40 67.36% =+ 26.36 70.09% =+ 22.11
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Table 5
The overall performance evaluation of the developed algorithm using Bi-directional LSTM in sleep stage scoring following the R&K manual.
Metrics Cohen’s Kappa (x) Accuracy Sensitivity Specificity Precision Fl-score
w 92.04% 96.56% 96.94% 95.72% 98.04% 97.48%
S1 52.01% 97.78% 59.95% 98.59% 47.70% 53.13%
S2 82.29% 95.01% 84.08% 97.28% 86.55% 85.30%
S3 52.76% 97.30% 58.47% 98.39% 50.42% 54.14%
S4 69.04% 98.75% 74.17% 99.23% 65.71% 69.68%
REM 87.16% 98.28% 88.32% 99.05% 87.86% 88.09%
Average 72.55% + 17.40 97.28% + 1.35 76.99% + 15.61 98.04% + 1.33 72.71% + 21.14 74.64% + 18.57

Sleep Stages

- | Expert Scoring
" i — — ~LSTM Scoring
I
I 1] -

75 100 125 150

Number of Samples

Fig. 5. A sample of the first 1000 classes showing sleep stage scoring of both the expert and the developed Bi-directional LSTM algorithm following the R&K manual.

Table 6
Confusion matrix of the manual expert stage scoring and the Bi-directional LSTM
automated stage scoring following the AASM guidelines.

Expert Scoring Total
w N1 N2 N3 R
LSTM Scoring W 70920 497 974 409 324 73124
N1 273 1262 366 20 140 2061
N2 727 788 15327 948 451 18241
N3 263 32 771 4294 20 5380
R 208 226 361 32 6782 7609
Total 72391 2805 17799 5703 7717 106415

72.55%., which is expected as the Bi-directional system processes the
data of each signal in both directions. Therefore, more information are
learned in the training. Both methods provided good performance in the
classification process, however, the Bi-directional LSTM model had
higher values for the overall evaluation metrics. Despite having W stage
with the highest number of stages, the model successfully identified
other stages while training. This shows that other stages are identifiable
compared with the W stages regardless of the number of stages included.

To elaborate more, a sample of the first 150 classes is illustrated in
Fig. 5 showing both the manual expert stage scoring and the developed
LSTM algorithm (Bi-directional). It can be seen from the figure that the
algorithm achieved more than 90% of correct classification, which
matches the observations of the confusion matrix shown in Table 3. The
majority of the wrongly classified stages occurred on stages S1, S2, S3,

S4, and REM. The W stage had very few wrongly classified stages
compared to other stages for the whole classification process.
Furthermore, despite having the diagonal as the most predicted
stages in the confusion matrices, it worth noting that the classifier is
most likely predicting the preceding or the following stage. This is
shown in Table 3 for stages W, S1, S2, S3, S4, and REM. Clinically, this
could be correlated to the fact that there would be some kind of tran-
sition between stages [77], which makes the classifier uncertain towards
predicting which stage is the correct one. For example, stage S3 and S4
are known to have a frequency range of 0-3 Hz. It is always difficult to
differentiate those two stages clinically as they have no significant dif-
ferences. In addition, they include sleep spindles and K-complexes of low
amplitude waves. This is reflected in Table 5, as both stages are having
almost the lowest x measures. In addition, the transition is known to
occur at the W to S1 and S2 to S3 with clear evidences. An S2 is
considered as S3 or Slow Wave Sleep (SWS) if more than 20% of the
epoch included delta waves activity. This may have took place in the
data as shown in the predictions in Table 3. Furthermore, the classifier
reads time-step features at every instance. This could results in having
different observations from the decision made by manual expert scoring.

4.2. Comparison with AASM scoring manual

It worth mentioning that there is a drop in the sensitivity, precision,
Fl-score, and kappa values for both LSTM systems, which is mainly
because of S1, S3, and S4 sleep stages. This could be due to the low
number of stages in comparison to other sleep stages as observed from

Table 7

The overall performance evaluation of the developed algorithm using Bi-directional LSTM in sleep stage scoring following the AASM manual.
Metrics Cohen’s Kappa(x) Accuracy Sensitivity Specificity Precision F1-score
W 92.02% 96.55% 96.99% 95.58% 97.97% 97.47%
N1 50.77% 97.80% 61.23% 98.52% 44.99% 51.87%
N2 82.01% 94.94% 84.02% 97.30% 86.11% 85.06%
N3 76.25% 97.66% 79.81% 98.61% 75.29% 77.49%
R 87.61% 98.34% 89.13% 99.05% 87.88% 88.50%

Average 77.73% + 16.20 97.06% =+ 1.35

82.24% + 13.35

97.85% + 1.41 78.45% + 20.36 80.08% + 17.33
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Table 1. In addition, according to the R&K scoring manual, both S3 and
S4 are not merged into one stage, thus, the algorithm has to distinguish
between their very minimal differences. The values of these metrics for
the other sleep stages are almost more than 80%, which show a suc-
cessful classification process. The complete confusion matrix following
the AASM scoring manual is provided in Table 6. From the table, the
overall TPs accuracy rate is 92.64%. Furthermore, Table 7 shows the
overall performance evaluation of the algorithm using the Bi-directional
LSTM (better performance) following the AASM manual. For the AASM
calculations, both S3 and S4 were merged into a single N3 stage. This
allowed the LSTM model to learn both stages as one stages, therefore,
predictions of both stages became easier.

The value of Cohen’s kappa (x) increased from 72.55 + 17.40
following the R&K to 77.73 £ 16.20 following the AASM manual is
observed. In addition, the values of the sensitivity, precision, and F1-
score are higher. The observations were expected due to the merging
of S3 and S4 classes, which makes the classification process easier for the
algorithm. In addition, The algorithm will no more learn to distinguish
between S3 and S4, as they are considered from the same source (N3)
following AASM.

Looking at stages N1, N2, and N3 from the confusion matrix, it is
noted as well that there are more predictions toward the preceding sleep
stage or the following. As previously discussed, similarities appear be-
tween signals at the transition step between sleep stages. This effect can
be illustrated better due to the merging of S3 and S4 stages into a single
N3. The majority of N2 predictions are toward the N3 stages, which
could be correlated to having deep sleep (delta) waves contaminated
within some epochs of the N2 stage [77]. Furthermore, this effect is not
shown for stage R, as it is clinically easily distinguishable from other
sleep stages by having higher activity in the brain unlike the relaxation
at other stages.

4.3. Algorithm performance relative to state-of-the-art studies

The developed LSTM algorithm is reported with other State-of-the-
Art studies on deep learning network for automatic sleep stage
scoring. A total of 9 studies were covered during 2012-2019, with the
utilization of different sleep signals databases such as the Sleep-EDF, St.
Vincent’s University Hospital and University College in Dublin, Mon-
treal Archive of Sleep Studies (MASS), Massachusetts General Hospital,
Cleveland Children’s Sleep and Health Study (CCSHS), and Sleep Heart
Health Study (SHHS) recordings. In addition, several feature extraction
approaches were followed including Hidden Markov Model (HMM),
Morlet wavelets, Tunable-Q Wavelet Transform (TQWT), Ensemble
Empirical Mode Decomposition (EEMD), spectrogram, time, frequency,
non-linear, and Discrete Wavelet Transform (DWT). Furthermore, clas-
sification models included Deep Belief Nets (DBNs), Stacked Sparse
Autoencoder (SSAs), Convolutional Neural Networks (CNNs), Bootstrap
aggregating, RUSBOOST, RNNs, Random Forests (RFs), Support Vector
Machines (SVMs), and intra- and inter-epoch temporal context network
(IITNet). The performance evaluation metrics are the overall accuracy,
Cohen’s kappa, F1-score, and per-stage F1-score. Table 8 summarizes all
the observation of these studies in addition to the outcomes of the cur-
rent study.

With regard to other studies, the current study achieved the highest
value of accuracy using the Bi-directional LSTM system with 97.28%.
The values of x and Fl-score were in the expected range of more than
72%. However, they were not the highest due to the merging of S3 and
S4 stages in all other studies. When merging the two stages, the values
improve for the Cohen’s kappa and F1-score with 77.73% and 80.08%,
respectively. Based on the Sleep-EDF database, 12 studies were included
in the comparison between 2015 and 2019. This study reached the
highest level of accuracy among other studies. In addition, the values of
x and Fl-score were affected by the separation of S3 and S4 stages,
which is not the case in other studies. However, it improved when
following the same procedure of other studies by manually merging the
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two stages into a single N3 stage, represented as S3 in the table. It worth
noting that the proposed classifier gave an overall sensitivity of almost
77.00% and 82.24% following R&K and AASM manuals, respectively.
The low sensitivity and precision measures occurred mostly at the S1
(N1) and S3-S4 (N4) sleep stage detection. This could be correlated to
the similarities between each sleep stage and the before/after sleep
stages, as these stages are known to have relaxation in the overall brain
response during sleep unlike the REM (R) sleep stage. The recent
research works by Back et al. and Mousavi et al. used neural networks to
train the model following the AASM scoring method. Their evaluation
metrics were comparable to the performance of the proposed algorithm
when merging stages S3 and S4. This could pave the way towards sug-
gesting automatic model-based features as promising features to be
learned for classification of sleep stages with no manual feature
engineering.

5. Conclusion

In this paper, an investigation on the use of LSTM RNN in automatic
sleep stage scoring is conducted. The developed algorithm assists in
resolving the difficulties of manual sleep stage scoring done by experts at
clinics. The algorithm successfully classified sleep stages to match the
expert scoring with an overall 91.92% True Positive percentage using a
Bi-directional LSTM system following the R&K manual. Relative to other
studies, the algorithm is the highest in accuracy and within an accept-
able range for both the Cohen’s kappa and F1-score values. This study
classified sleep stages based on the R&K scoring manual, which is
challenging due to the minor differences between the S3 and S4 sleep
stages. In addition, it showed an improved performance when following
the recent AASM guidelines for sleep stage scoring.

The proposed algorithm can be implemented in various applications
such as the detection of obstructive sleep apnea [87], epileptic seizures
detection [88], and ECG arrhythmia detection [89]. In addition, at a
patient-clinician level, it can be used to support clinicians decision
making and overcome the difficulties in manual stage scoring including
time consumption and human-errors.

The algorithm is usually able to detect time relation hidden inside
the signals in both the forward and backward directions. A significant
limitation for the LSTM algorithm is that it sees the inputs all at once.
Despite the fact that this allows LSTM to outperform other machine
learning algorithms in many tasks, it creates a huge load on the memory
of the system and requires time to train the system [90].

The future work of this study includes further development on the
LSTM network to enhance the overall performance. In addition, further
testings on different databases requires to be performed relative to
current data-set.
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