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Abstract

Sleep apnea syndrome (SAS) is a common but serious
sleep disorder affecting millions worldwide. It is marked
by pauses in breathing over 10 seconds (apnea) or shallow
breathing (hypopnea) during sleep, disrupting the sleep
cycle and causing fatigue. Untreated SAS increases the
risk of stroke, heart disease, high blood pressure, and
mental health issues like depression and anxiety. De-
spite being treatable, many cases remain undiagnosed due
to symptoms being misattributed or the inaccessibility of
polysomnography (PSG), the diagnostic gold standard.

Recently, more accessible methods like electrocar-
diography or photoplethysmography (PPG) have shown
promise, especially with wearable devices. Our work ex-
plores using single-channel PPG and deep learning meth-
ods (AlexNet, custom CNN, ZF-net) to classify SAS using
data from the Multi-Ethnic Study of Atherosclerosis. Using
all-night data from 120 patients with the highest apnea-
hypopnea index, we trained on around 9,000 non-apneic
and 9,000 SAS-positive intervals, achieving 87.7% accu-
racy and 85.1% sensitivity, showing the potential for early
diagnosis without PSG.

1. Introduction

Sleep apnea syndrome (SAS) or sleep apnea in short is
a sleep disorder, falling into category of sleep-disordered
breathing. It is a condition characterized by decrease or
disappearance of respiratory airflow during sleep, caused
by partial or full airway obstruction or by lack of respira-
tory effort [1]. It is a disease that can be called common,
yet it is unknown exactly how large of a population is af-
fected by SAS. Some sources estimate prevalence of SAS
in general population from 3% to 4% [2], while others es-
timate up to 17% of population is affected by moderate
SAS [3]. Elderly population seems to be more prone to
SAS, with other risk factors being obesity, gender, as well
as smoking, alcohol consumption and usage of sedating
meditation [4]. The results of untreated SAS does not only
affect quality of daily life in the meaning of sleepiness, but
can cause other problems, such as higher blood pressure or
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acute ischemic stroke [5].

SAS can be divided into three main categories: ob-
structive apnea (OA), caused by total blockage of airways,
characterized by the presence of respiratory effort, central
apnea (CA), caused by the lack of respiratory effort and
therefore lack of airflow and hypopnea, caused by partial
blockage of airways with respiratory effort present and air-
flow decreased by at least 10% comparing to normal. The
severeness of disease is measured by apnea-hypopnea in-
dex (AHI), frequency of apneas and hypopneas per hour
of sleep, with AHI = 10-15 being usually accepted as a
threshold of diagnosed SAS [1].

The main problems of successful SAS diagnosis are
two. First, the symptoms come during sleep and thus are
unnoticed in many cases. Second problem is the need of
all night polysomnography (PSG) to evaluate the severity
and the cause of the disease. This can be problematic, as
the sleep laboratory can be unavailable for many and the
examination itself requires multiple diagnostic devices, be-
ing expensive and not to mention time consuming for both
the patient and the expert, who evaluates the data. This in-
spired many authors in recent years, who are trying to find
alternative approach for SAS detection, mainly focusing
on the ECG signal. Wide spread of wearable devices how-
ever leads to another approach - utilizing photoplethysmo-
graphic (PPG) records from these devices to detect SAS,
since respiratory signal can be estimated from both ECG
and PPG [6].

While we do not think that wearable devices will replace
PSG as a diagnostic tool for SAS or any sleep related dis-
order, they could serve as a warning tool or screening tool,
giving the user “raised finger” that examined sleep respi-
ration might not be alright and that the consultation with
a medical expert might be a solution. Modern devices
come equipped with hardware powerful enough to eval-
uate 1D signals using artificial intelligence including deep
networks. Measurement of a full night PPG and detection
of SAS from the signal of such length using deep learning
might be still problematic for battery life of a wearable de-
vice. Thus, our focus is on a per segment detection, since
measurement of multiple one-minute segments per night
might be doable and is in fact done by many devices to
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evaluate sleep quality and heart rate changes. The goal of
this paper is then to examine the possibility of utilization
of deep convolutional neural networks (CNN) for binary
SAS detection from one-minute segments of PPG signals
without any prior filtration or feature extraction.

2. Methods

2.1. Data

For our work, The Multi-Ethnic Study of Atherosclero-
sis (MESA) [7,8] database was used as a source of data for
our simplified dataset. This database was chosen mainly
due to the large amount of all-night recordings with in-
cluded PPG signals, which is suitable for deep learning
applications. All-night recordings from approximately 120
most apneic patients were split into one-minute intervals,
with multiple rules applied.

At first, intervals were split into groups called “normal”
(healthy, without apnea), “’central apnea”, “obstructive ap-
nea” and “hypopnea” according to the expert annotations.
Then, the one-minute segments were adjusted so that the
apnea starts randomly during the first 30 seconds of the
segment to ensure that all or most of the apnoic break is
present in the segment but it does not always start immedi-
ately at the start of the segment. Then segments with more
than one type of apnea present were removed. Even though
we simply detect any form of apnoic presence in the seg-
ment, we wanted to future-proof the dataset for potential
following studies, in case we would like to apply classifi-
cation of SAS types on the same data. The last pruning was
done by visually checking the data to remove any form of
high noise or flat line segments, possibly caused by mal-
function or disconnection of the PPG device.

Due to the expected difficulty of hypopnea detection, we
created two datasets - Dataset A, which contains only CA
and OA segments in the Apnea group and Dataset B, which
also includes hypopnea segments. The ration of different
kinds of apnea was selected based on the distibution of CA,
OA and hypopnea segments in the selected 120 patients.
Total number of segments in each created dataset is sum-
marized in the Table 1.

Table 1. Summary of number of segments in Dataset A
and Dataset B

Dataset A Dataset B

Central apnea 528 528
Obstructive apnea 7,110 4,350
Hypopnea — 4,649

Normal (healthy) 7,638 9,527

2.2.  Apnea detection

To simulate possible wearable use, little to no pre-
processing approach was chosen. Only preprocessing
applied to the PPG signal was down-sampling from
256 Hz to 64 Hz to decrease computational requirements.
Each dataset was split randomly into training and testing
datasets using 80:20 ratio and signals were normalized.

As for the SAS detection itself, multiple known CNN
architectures were used, such as AlexNet [9], ZF-Net [10]
and VGG-16 [11]. All of those were originally designed as
2D CNNs, we adapted the architecture to work with 1-D
inputs. Additionally, one custom model, that was designed
and tuned to be as simple as possible, while still giving
reasonable results, was used. Simplified architecture visu-
alisation of the simple custom CNN and the most complex
CNN are seen in Figure 1. Output of CNNs is binary clas-
sification into two classes - Apnea or Normal.
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Figure 1. Examples of different CNN architectures: A)

Custom CNN, B) ZF-Net

Multiple different hyperparameteres were applied dur-
ing initial training phase. As a result, stochastic gradient
descent (SGD) was selected as the best performing opti-
mizer and binary cross-entropy (BCE) as a loss function.
During the second half of the trainign we used smaller
learning rate for fine tuning. Summary of final hyperpa-
rameters is in Table 2.

Table 2. List of training hyperparameters

Batch size 32
Epochs 10
Optimizer SGD
Loss function BCE

Learning rate | 0.01 to 0.001
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Table 3. Summary of results for both testing datasets

Dataset A Dataset B
Se (%) Sp (%) Acc(%) | Se (%) Sp(%) Acc (%)
Custom CNN | 85.16 81.55 83.26 72.15 71.58 71.86
ZF-Net 85.12 90.21 87.66 75.09 74.05 74.54
Alex-Net 86.97 81.93 84.27 74.82 71.69 74.51
VGG-16 83.83 81.53 82.64 74.83 68.76 71.40

Apnea

True Labels

Normal

Normal
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Figure 2. Confusion matrix of ZF-Net testing results on
Dataset A

3. Results

Since both used datasets are balanced in the meaning
of number of segments in both classes and the outputs
of CNNs are binary, we used simple accuracy, sensitiv-
ity and specificity for evaluation of different CNN perfor-
mance. Figure 2 shows confusion matrix of ZF-Net on
Dataset A, as an example of best performing network on a
dataset A. This shows high accuracy with balanced sensi-
tivity and specificity over 85%. Detailed comparison of all
used CNNss on both datasets can be seen in Table 3. This
shows that all models give similar performance on respec-
tive datasets with ZF-Net giving the best results on both
datasets.

What can be seen in Table 3 is that all models have de-
crease of all metrics by 10-15% on dataset B. This was
expected, as nearly half of apnea segments in dataset B are
hypopneas, which are much harder to detect even from res-
piratory signals and even experts do not always agree on
hypopneas when annotating the PSG recordings. Down-
side of our approach is that with binary classification, we
are unable to evaluate how much do hypopnea segments
contribute to this accuracy decrease.

4. Discussion

When evaluating results, we can come into multiple in-
teresting conclusions. At the first glance, we could say

that PPG signals have potential for SAS detection. This
could be a long run in the meaning of certified medical de-
vice with reliable results, however replacement of PSG as
a tool for SAS diagnostics is not the aim of this article.
What is shown is a potential for wearable devices to serve
as a tool to increase awareness about SAS and to serve
as a screening tool and preventative device, similarly how
smart watches with ECG work in the area of atrial fibrilla-
tion detection [12].

Another conclusions can be done when comparing re-
sults on two datasets. As was said earlier, hypopneas can
be harder to detect, since the range of respiration volume
decrease can vary in each case. However, only 10-15% de-
crease of accuracy was observed for dataset B, even though
hypopneas created almost half the the dataset apnea seg-
ments. While at the moment we cannot exactly evaluate
the contribution of the hypopnea segments to that decrease,
the overall results attacking 75% sensitivity for all models
show potential for additional research.

Furthermore, modern wearable devices do not often
come equipped with PPG sensor alone, but with SpO2 sen-
sors as well. SpO2 signals are also usually measured dur-
ing PSG, so they are not only part of MESA database, but
almost all sleep databases publicly available. This opens
another opportunity for researching this topic, as SpO2 de-
crease is one of the main features for classifying hypop-
neas.

When comparing performance between each model, we
can see we achieved similar results in the meaning of sen-
sitivity and accuracy with ZF-Net giving best results with
90% specificity, outperforming other models by far. It
should be noted however that ZF-Net is the most com-
plex network with almost 28 million trainable parameters,
while our custom CNN is more simple and still giving sim-
ilar sensitivity on dataset A and only 3% decrease of sen-
sitivity on dataset B, this all with just 1 million trainable
parameters. Further study could even decrease the com-
plexity of this network while maintaining the performance,
giving it the potential to be actually deployed on a wear-
able device.

When trying to compare our results with other authors,
we discovered that there is no standard for evaluating alter-
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native SAS detection algorithms. Overall when evaluating
per recording detection, authors usually achieve better re-
sults, since they usually aim at the AHI exceeding certain
threshold to call the patient positive with apnea. Our per
segment approach on the other hand usually gives slightly
worse numbers, nevertheless such approach might be bet-
ter alternative, because all night recording of PPG could be
problematic for wearables of today, however lets say mul-
tiple one-minute checks per hour could be probably done
without battery concerns.

5. Conclusion

We trained and tested multiple CNN models to examine
possibility of SAS detection from 1-minute segments of
PPG signal, extracted from MESA database. We compared
performance of selected models on data excluding and in-
cluding hypopnea segments. The performance of all uti-
lized models exceeded 83% accuracy for non-hypopnoic
data and 71% accuracy for data with hypopneas included.
Best results were achieved by ZF-Net model, with sen-
sitivity 85.12%, specificity 90.21% and overall accuracy
87.66%. We were able to compare models with different
complexity to show that even more simple CNNs can be
used to detect SAS, making it possible to be implemented
in wearable devices and to serve as a screening tool or first
warning for millions worldwide.
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