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Abstract

Aims: Sleep-related breathing disorders (SBD) are
found in 6-17% of the global adult population and are as-
sociated with a high risk of complications such as strokes
or type-Il diabetes. Previous studies have proposed a
sample-wise real-time finite state machine (FSM) SBD
event detector using as input the nasal pressure signal.
This study aims at improving this SBD event detection by
using a light Gated Recurrent Unit (GRU) neural network.

Methods: This work is based on data from a retrospec-
tive 5 centers study including 8 hours manually annotated
polysomnography of 29 severe obstructive sleep apnea pa-
tients. The GRU was trained to classify in real-time each
sample of an 8 Hz nasal pressure signal as either a normal
or respiratory event (apnea or hypopnea). The GRU per-
formances were compared to those reported for the FSM
detector.

Results: Apnea and hypopnea detection provided by the
GRU detector shows improved performances on the testing
database on averaged sensitivity (apnea: 80.2% vs 66.9%,
hypopnea: 67.2% vs 47.1%) while preserving a similar av-
eraged positive predictive value (apnea: 79.0% vs 80.7%,
hypopnea: 33.7% vs 25.0%).

Discussion: The GRU architecture appears as a promis-
ing tool for real-time detection of sleep apnea events. Fur-
ther experiments on a larger database are warranted.

1. Introduction

Sleep-related breathing disorders (SBD) are found in
6% to 17% of the global adult population [1]. Sleep ap-
nea is associated with a high risk of complications such
as strokes, high blood pressure or heart failure [2]. The
gold-standard SBD diagnosis is polysomnography (PSG),
a multi-channel monitoring of cardio-respiratory and elec-
troencephalography signals. The number of SBD events
(apneas and hypopneas) per hour determines the SBD
severity and helps driving the SBD treatment choice. Ap-
neas are defined as a cessation of airflow for at least 10
seconds. Hypopneas are defined as a 50% minimal reduc-
tion in airflow magnitude for at least 10 seconds, followed

Computing in Cardiology 2024; Vol 51

by a 3% minimum oxygen desaturation or a sleep arousal.

Continuous Positive Airways Pressure (CPAP) is a SBD
treatment that re-opens the upper airway and is currently
considered as the first line therapy. Despite its efficiency,
CPAP is associated with a 15% rate of initial refusal. Ad-
ditionally, CPAP is characterized by a low adherence in
the long term for 20-30% of the patients [3]. Recently, a
new SBD treatment based on kinesthetic stimulation was
proposed with the aim of improving the patient adherence
to the treatment [4]. SBD treatments based on kinesthetic
stimulation require a real-time detection of apnea and hy-
popnea events, which is the focus of the current study.

In a previous study conducted by our team, Feuerstein
et al. proposed a sample-wise real-time detector based on
an embedded Finite State Machine (FSM) that is dedicated
to the detection of SBD events from a nasal pressure signal
only [5]. Multiple studies reported in the literature showed
that Recurrent Neural Networks (RNN) are associated with
high performances for SBD event detection [6,7]. To the
best of our knowledge, the use of RNN for the sample-
wise real-time detection of SBD events from a nasal pres-
sure signal only has not been investigated. The current
study aims at determining whether the Gated Recurrent
Unit (GRU), a light RNN architecture, is a good candidate
for this type of SBD event detection.

2. Method description

2.1. Data and patient population

The patient population consisted in 29 obstructive sleep
apnea patients who underwent an in-lab PSG, gathered
from a retrospective 5 centers study (HYPNOS). For each
patient, 5 signals were recorded: the nasal pressure, an
electrocardiogram, a photoplethysmogram, the oxygen
saturation and the cardiac frequency. The PSGs were
manually annotated by an expert, blinded core-lab (CHU
Grenoble, France). The manual annotations followed the
rules defined by the AASM [8]. The PSG recordings
lasted on average 8 hours, representing an overall total of
4.6M recorded samples and 7846 recorded SBD events (34
events recorded per hour on average).
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2.2. GRU real-time detection

The nasal pressure signal, recorded at 8 Hz, was pre-
processed as in [5] to improve the signal to noise ratio (3
samples moving average) and remove the signal offset (ex-
ponential moving average). This preprocessed signal was
then feed sample by sample to the GRU. The GRU was
trained to classify each received sample as either a nor-
mal breathing, an apnea or an hypopnea. The network
training was performed using the AdamW optimizer with
a 0.01 starting learning rate and a standard cross-entropy
loss function, with the PSG manual annotations used as a
ground truth. The preprocessed nasal pressure signal of
each patient was split in batches of even size, with 25% of
the batches from the training database randomly selected
for training at each epoch. The training phase lasted for
100 epochs, with the total number of epochs determined
as a function of the results obtained on the training and
validation sets used for the hyperparameter optimization.

The network structure consisted in stacked GRU layers
followed by a 3-neurons dense layer with a log-softmax
activation function, which was used to obtain the final clas-
sification. The number of GRU layers, the size of the input
and output vectors, as well as the batch length used for
splitting the patient data, were considered as hyperparam-
eters that were optimized with a grid search approach. The
grid search optimization was performed by maximizing the
sum of the F1-score of each class, with each hyperparam-
eter optimized sequentially and taking its values within a
predefined range presented in Table 1. The grid search op-
timization was repeated until the choice of the hyperpa-
rameter values was stable. The hyperparameter optimiza-
tion was conducted after randomly splitting the database in
a training set (16 patients), a validation set (4 patients) and
a testing set (9 patients), with the F1-score maximization
performed on the validation set. The final structure of the
network is presented in Figure 1.

Table 1. Range of GRU hyperparameter values investi-
gated during the grid search optimization. The values se-
lected after performing the optimization are also reported.

Hyperparameter Range Selected
Number of layers 1-10* 6
Batch length (s) 1-20* 10
Input vector length (s) 1-10% 6

1 - 256%* 32

*step size: 1; **step size: power of 2

Output vector size

IHPUt 1 channel: nasal pressure
Signal Sampling frequency: 8 Hz
Pre- Offset removal (exponential moving average)
processing Noise removal (3 samples moving average)
GRU
layers: 6
output size: 32
RNN | Input sequence length: 48 (6 s)
Dense
size:3
activation: log softmax
3-way classification: normal breathing, apnea, hypopnea
utpu
Sampling frequency : 8 Hz
data Output sequence length: 1 (0,125 s)

Figure 1. Architecture of the optimized neural network
used in this study.

2.3. Data analysis

To assess the stability of the GRU detector as a function
of the data used for training, a Monte-Carlo approach was
applied to generate 100 realizations of the training and test-
ing phases. Each training phase used 20 randomly chosen
patients, while the testing phase used the remaining 9.

The performances of the GRU detection were assessed
by computing the sensitivity (SE), the positive predictive
value (PPV) and the specificity (SP), with the PSG manual
annotations used as the ground truth. The performances
were assessed sample-wise by converting the manually an-
notated PSG events to a digital scoring at the sampling
frequency of the nasal pressure signal. To allow for a
fair comparison between the results reported in the liter-
ature for the FSM detector and the results obtained with
the GRU detector, the definition of a true positive was the
same as in [5]. Specifically, a sample manually annotated
in the PSG as an apnea (resp. hypopnea) and classified as
an hypopnea (resp. apnea) by the GRU detector was con-
sidered as a true positive. This definition of the true posi-
tive was motivated in [5] by the aim of obtaining a global
assessment of the respiratory event detection.

A receiver-operating characteristic (ROC) curve of the
apnea detection was built for each Monte-Carlo realization
of the GRU by increasing and decreasing the bias of the
neuron from the dense layer that was linked to the apnea
class. To facilitate the comparisons between the FSM and
GRU performances, the GRU performances were reported
for a specific point of the ROC curve that was selected to
match the PPV of the FSM detector. The apnea PPV was
selected as the matching metric with the aim of obtaining
at least a similar rate of apnea false alarms for the GRU
than the one reported for the FSM.
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3. Results

The hyperparameters obtained by the grid search op-
timization are presented in Table 1. The resulting GRU
detector contains 39648 parameters. The GRU detector
provided high performances in terms of apnea classifica-
tion for both the validation dataset (SE: 92%; PPV: 73%)
and the testing dataset (SE: 90%; PPV: 75%). Moderate
performances were obtained for the classification of hy-
popnea events on the validation dataset (SE: 55%; PPV:
54%) and on the testing dataset (SE: 46%; PPV: 48%).
Please note that the aforementioned SE and PPV values
were computed prior to the modification of the bias used
to match the FSM detector PPV performances, while all
the remaining performances reported were computed after
PPV matching (Table 2).

A high area under the ROC curve was obtained on the
testing datasets (average: 0.93, standard-deviation: 0.05;
Figure 2). The apnea and hypopnea GRU detection shows
improved performances on the testing datasets on aver-
aged SE while preserving a similar averaged PPV when
compared to the results reported for the FSM detector (Ta-
ble 2). However, the GRU detector hypopnea specificity
was lower than the one reported for the FSM detector.
The Monte-Carlo approach shows a moderate standard-
deviation for the apnea and hypopnea GRU detection on
the testing datasets (Table 2).
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Figure 2. ROC curves of the apnea GRU detection for
each Monte-Carlo realization (semi-transparent, thin, blue
lines; average: thick blue line).

Qualitative assessment provided promising results, al-
though it was found that the GRU detector did not perform
well in terms of accurate differentiation between the ap-
nea and hypopnea events (Figure 3). The qualitative as-
sessment also showed that some of the false positives ob-
tained seemed to correspond to apnea events that lasted for
less than 10 seconds (Figure 3, red arrow) or to hypopnea
events that preceded an apnea event and that were not an-
notated on the PSG (Figure 3, blue arrow).

4. Discussion

The current study aimed at providing a new sample-wise
real-time SBD event detector, which uses only the nasal
pressure signal to perform the detection. Although the
aforementioned constraints tend to decrease the SBD event
detection performances when compared to other studies
found in the literature [6, 7], developing a detector under
such constraints may allow for the improvement of SBD
treatment performances [4]. Specifically, the triggering of
the SBD event detection each time a nasal pressure sample
is received by the embedded system may decrease the de-
lay between the onset of an event and the activation of its
treatment. In addition, the use of the nasal pressure signal
only may improve the long term adherence of the patients
to the treatment, which is likely to decrease if additional
sensors are placed on the patient to perform the SBD de-
tection.

The grid search optimization of the hyperparameters
provided a GRU architecture associated with high apnea
detection performances. Moderate performances were ob-
tained for hypopnea detection. This may be explained by
the single use of the nasal pressure signal for hypopnea
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Figure 3. Example of sample-wise GRU detection (red

areas: apnea events; blue areas: hypopnea events)

Table 2. Performances of the FSM and GRU detectors,
with GRU performances reported as the average and the
standard deviation computed over the testing datasets.

SE (%) PPV (%) SP (%)
FSM Al 66.9 80.7 97.1
GRUA  80.2+£9.0 79.0+5.2 98.5+1.7
FSM H! 47.1 25.0 84.3
GRUH  67.2+#8.0 33.7+59 70.2+7.3

T Results reported in [5]; A=Apneas, H=Hypopneas.
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detection, while it is advised to also measure the oxygen
desaturation and the occurrence of sleep arousal [8]. A
low decrease in GRU detection performances was obtained
on the testing dataset compared to the validation dataset,
which suggests that the hyperparameter optimization was
not subject to over-fitting.

The GRU detector provided improved performances
when compared to the FSM detector that was proposed in
a previous study [5], specifically in terms of apnea and hy-
popnea sensitivity. However, the GRU detector was char-
acterized by a lower hypopnea specificity than the FSM
detector. Qualitative assessments suggest that this decrease
in specificity was not necessarily due to a GRU detection
failure. Specifically, the GRU model does not wait for an
apnea or hypopnea event to end prior to provide its sample-
wise classification, which induces the generation of false
positives for events that were accurately detected by the
GRU but were not annotated in the PSG as they lasted for
less than 10 seconds. The FSM detector was implemented
so that a delay of 8 seconds (4 seconds in a revised version
of the detector for which the sample-wise results were not
available [4]) is used to improve the detection [5], which
improves the specificity at the cost of increasing the delay
between the onset of an event and its treatment.

The current study is subject to some limitations. First,
it is difficult to estimate the rate of GRU false positives
that correspond to SBD events that were correctly detected
and were not annotated in the PSG as they lasted for less
than 10 seconds. Therefore, future experiments are re-
quired to either aim at improving the GRU detector per-
formances by adding post-processing steps or to better as-
sess its performances by performing a manual scoring of
the GRU detection based on the PSG information. In ad-
dition, the FSM detector is robust and easy to implement
on an embedded system, while 1) the GRU detector per-
formances were subject to moderate variations according
to the Monte-Carlo experiments; and 2) the real-time im-
plementation of the GRU detector on an embedded system
was not investigated. Further experiments performed on a
larger database are warranted to both improve the GRU de-
tector performances and better assess its training stability.
Although the low number of parameters of the proposed
GRU allows for its real-time implementation on embedded
systems, as described in recent works [9], the possibility to
use this detector in real-time on an embedded system still
has to be validated in future experiments.

To conclude, the results obtained in the current study
suggest that a RNN architecture, like the GRU, is a promis-
ing tool for the sample-wise real-time detection of SBD
event from a nasal pressure signal only. Although further
experiments are warranted, the results obtained are in line
with previous work from the literature invesigating the in-
terest of RNN achitecture for SBD event detection [6,7].
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