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ABSTRACT 
Sleep apnea is a sleep disorder that significantly affects human life and occurs as a result of repeated obstructions in the respiratory 
system lasting at least 10 seconds during sleep. The most common type, Obstructive Sleep Apnea (OSA), affects the upper 
respiratory tract, whereas Central Sleep Apnea (CSA) occurs due to dysfunction in the respiratory control center in the brain. Sleep 
apnea manifests with symptoms such as fatigue upon awakening, snoring, and daytime sleepiness. If left untreated, it may lead to 
serious health complications including stroke, cardiovascular diseases, and hypertension. Polysomnography (PSG) is the most 
widely used diagnostic method for sleep apnea. However, this test involves several limitations in terms of time consumption, patient 
comfort, and financial cost. Therefore, there is an increasing need for alternative engineering-based diagnostic support methods to 
complement polysomnography. Recent advancements in Biomedical Engineering, Electrical and Electronics Engineering, and 
Software Engineering have enabled the development of portable, cost-effective, and highly compatible systems for sleep apnea 
detection. Sleep apnea can be detected through physiological measurements, including electroencephalography (EEG), 
electrocardiography (ECG), electrooculography (EOG), and oxygen saturation levels. Biomedical signal analysis of the obtained data 
is enabled by artificial intelligence methods and machine learning algorithms. Moreover, integrating wearable devices with the 
Internet of Things (IoT)-based telehealth enables continuous monitoring of patients in their homes. This study highlights the 
significance of engineering-based solutions in sleep apnea diagnosis and highlights their contributions to modern healthcare 
technologies. 
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INTRODUCTION  

Sleep is a complex biological process that plays a crucial role in human life by affecting both physical and mental health. It 
constitutes approximately one-third of human life and is essential for maintaining overall health and well-being. Sleep disorders are 
generally associated with an increased risk of mental disturbances and various physiological symptoms in the human body. Among 
sleep disorders, sleep apnea is one of the most frequently encountered conditions. Sleep apnea is characterized by a reduction or 
complete cessation of airflow due to obstruction in the respiratory tract during sleep Altun (2015). In general, this disorder is 
diagnosed using polysomnography (PSG), which is a time-consuming and costly procedure typically conducted in sleep laboratories 
Mendonca et al. (2018). Polysomnography involves the recording of multiple physiological signals, including brain activity, 
respiratory parameters, and cardiovascular events, through a variety of sensors. During the polysomnography procedure, electrodes 
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are attached to several parts of the body, such as the mouth, nose, head, chest, and abdomen, to record physiological signals 
throughout the sleep period. By analyzing the physiological responses and body movements occurring during sleep, clinicians obtain 
information regarding apnea events Koçak et al. (2016). The recorded signals generally include electroencephalography (EEG), 
electrooculography (EOG), electromyography (EMG), oxygen saturation (SpO₂), and electrocardiography (ECG) data Altun (2015). 
Due to factors such as unhealthy lifestyle conditions, obesity, and stress, the prevalence of sleep apnea has been increasing 
worldwide, which has attracted growing attention from researchers and accelerated the number of related studies over the years 
Figure 1.  

Figure 1 The Annual Number of Scientific Studies Related to Sleep Apnea from 2000 

 
The signals obtained from polysomnography are evaluated by sleep specialists to diagnose apnea events. But doing this can be 

a tedious, slow process. To overcome these barriers, diagnostic methods aided by computer software have been increasingly 
developed in recent years Altun (2015). 

 
TYPES OF SLEEP APNEA 

Sleep apnea is generally classified into two main types--obstructive sleep apnea (OSA) and central sleep apnea (CSA). A complex 
form of sleep apnea (including both OSA and CSA) may also occur. 

1) Obstructive Sleep Apnea (OSA): OSA is a condition in which breathing during sleep is interrupted because the upper 
respiratory tract becomes blocked or collapsed. These respiratory breaks usually occur during recurrent episodes lasting 
at least 10 seconds, during which blood oxygen saturation decreases by more than 4% Şener and Güner (2024). OSA is often 
accompanied by frequent awakenings and the formation of fragmented sleep, excessive daytime tiredness, and several 
symptoms. If left untreated, OSA may increase the risk of serious and potentially life-threatening complications. 

2) Central Sleep Apnea (CSA) : Central Sleep Apnea (CSA) occurs when the brain fails to transmit appropriate signals to the 
respiratory muscles responsible for breathing. This condition may arise from various factors that impair the ability of the 
brainstem, which connects the brain to the spinal cord and regulates essential physiological functions such as heart rate 
and respiration. In central sleep apnea, breathing stops for at least 10 seconds during sleep, and unlike obstructive sleep 
apnea, the individual also lacks respiratory effort during these episodes Köktük and Tu (2003). This type of apnea accounts 
for approximately 5–10% of sleep apnea cases Evlice (2012). 

3) Mixed Sleep Apnea: Mixed sleep apnea is a form of apnea that initially begins as central apnea and subsequently continues 
as obstructive apnea. In central apnea, respiratory effort ceases simultaneously with the apnea event. However, in mixed 
apnea, respiratory effort initially stops and then resumes before the apnea episode completely ends. These events result in 
a reduction in airflow of approximately 30% Yıldız (2021). 

 

Figure 1 
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OVERVIEW OF POLYSOMNOGRAPHY (PSG) TESTS 

Polysomnography (PSG), considered the gold standard in the diagnosis of sleep disorders, enables the simultaneous recording 
of physiological parameters occurring in the human body during sleep. Through this test, the biological processes of an individual 
are examined in detail, providing valuable information about sleep stages and wakefulness patterns. In this method, the sleep process 
is first divided into epochs, which are subsequently scored for analysis. These stages are typically identified through the analysis of 
electroencephalography (EEG), electrooculography (EOG), and electromyography (EMG) signals, as illustrated in Figure 2, Köktürk 
(2013). 

Figure 2 Signals Recorded During Polysomnography Köktürk (2013) 

 
Polysomnography allows the detection of abnormalities in respiration and other vital physiological functions during sleep. 

However, an important consideration is that interpreting polysomnography results requires significant effort, as well as specialized 
expertise and clinical experience in sleep medicine Haghighat et al. (2025). Furthermore, the characteristics and comparison of the 
recordings obtained from polysomnography are presented in Table 1. 

Table 1 Physiological Signals Recorded During Polysomnography and Their Clinical Significance 

 

Figure 2 

  

Table 1 
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Polysomnography, as mentioned previously, is performed in hospital sleep laboratories under the supervision of trained 
specialists. During the polysomnography test, several electrodes and sensors (e.g., EEG, ECG, EOG, EMG) are attached to the patient 
in the sleep laboratory. Instead of sleeping in their own bed, patients are required to sleep in the sleep center while connected to 
these electrodes and monitoring devices. This situation may cause discomfort for many patients, and a considerable number of 
individuals experience difficulty falling asleep in such an unfamiliar environment. Since patients struggle to go back to normal sleep 
in a new environment, this could contribute to inaccurate and unreliable data. Moreover, PSG devices are not portable and cannot 
be used in home environments. Furthermore, the availability of such devices in hospitals is limited to the laboratories of specially 
designated sleep centers, so in most medical institutions, there are few or none. Consequently, patients spend a long time waiting for 
their appointments, which may seriously affect their health. In private hospitals, the cost of PSG assessments would also impose a 
significant financial burden on patients. These limitations have contributed to a call for alternative diagnostic methods. Recent work 
has therefore emphasized implementing fewer sensors, computer-embedded systems, and home-based surveillance for sleep apnea 
diagnosis Uçar et al. (n.d.). 

 
ARTIFICIAL INTELLIGENCE IN SLEEP APNEA DIAGNOSIS 

The practice of diagnosing and treating diseases is an interconnected process within healthcare systems. Early diagnosis and 
treatment not only help improve understanding of health issues and provide better outcomes for the public but also lower healthcare 
costs. They also enhance both healthcare efficiency and effectiveness. At this point, the role of Artificial Intelligence (AI) systems in 
improving healthcare services is becoming increasingly significant. AI technologies assist physicians in the diagnostic process, 
greatly easing it and enabling treatment to start sooner, making success more achievable Akalın and Veranyurt (2022). Since its 
foundation in the mid-20th century Figure 3, artificial intelligence has been highly successful and is now widely used across many 
fields, including medicine, defense, and economics. AI capabilities have become accessible to individual users in recent years. AI 
refers to computer programs that mimic human intelligence (i.e., learning, reasoning, and analyzing) Akalın and Veranyurt (2022). 
AI research involves multidisciplinary work including computer engineering, philosophy, cognitive science, and electronics. Artificial 
intelligence covers broad areas such as artificial neural networks, expert systems, fuzzy logic, and genetic algorithms Pirim (2006). 
AI algorithms can analyze large datasets to predict and make decisions, and these models are known as flexible computational 
models. These computational methods have expanded alongside recent technological advancements. Included among these are 
machine learning and deep learning, advanced techniques that have become key components of modern AI technologies Metlek and 
Kayaalp (2020). 

Figure 3 The Historical Development of Artificial Intelligence Metlek and Kayaalp (2020) 

 
These approaches can even learn complex patterns directly from data in contrast to classical rule-based approaches Belk et al. 

(2023). AI models in healthcare have significantly improved the analysis of complex medical data and have provided substantial 
support in both diagnostic and treatment processes. Apart from helping doctors diagnose, artificial intelligence systems also 
contribute to telemedicine applications by providing treatment recommendations that physicians can evaluate more quickly. Digital 
interaction between healthcare providers and patients is also quicker. In otolaryngology, machine learning and deep learning 

Figure 3 
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predictive models have been increasingly used to improve the accuracy and sensitivity of sleep apnea diagnostic methods. These 
models are good for analyzing large datasets and perform quite well for screening and diagnosis Giorgi et al. (2025). 
 
MACHINE LEARNING 

A fundamental technique for achieving artificial intelligence, in which systems learn automatically from experience and adapt 
accordingly, making AI applications more effective and intelligent. Machine learning is a subfield of AI concerned with building 
systems that learn and improve as they process more data, typically at a larger scale. Artificial intelligence is the umbrella term for 
systems or machines that mimic human intelligence. Thus, in the scientific literature, machine learning and artificial intelligence are 
often combined. With rapidly advancing technology and development trends, concepts such as big data, cybersecurity, artificial 
intelligence, and machine learning have become increasingly widespread. As the volume of information created in modern digital 
environments continues to grow exponentially, analyzing and deriving meaning from these large datasets has become a major 
challenge. In recent years, patterns and relationships have emerged from the analysis of large datasets and predictive modeling of 
future outcomes. Humans also have predictive skills based on experience and prior observations. However, human decision-making 
is often influenced by emotional factors, and limited ability to manage vast amounts of data can hinder accuracy and efficiency. Unlike 
human decision-making, machine learning models can analyze such datasets rapidly and systematically, yielding more reliable and 
objective decision-making. The main objective of machine learning is to model human cognitive processes through computational 
algorithms. Several algorithms are used in this case to build predictive models from available data. In some applications, the data 
volume is extremely large, which may result in computational speed and processing time issues. However, these challenges can be 
mitigated with data classification and preprocessing methods Tosunoğlu et al. (2021). Machine learning has also become widely used 
in medicine, assisting physicians in diagnosing diseases. By training algorithms on patient health data, machine learning systems can 
identify trends and provide predictions that aid clinicians in diagnosis. These systems have been called clinical decision support 
systems (CDSS) Karakoyun and Hacıbeyoğlu (2014). Data plays a critical role in machine learning applications, where algorithms 
use data-driven insights to identify disease features. Datasets are divided broadly into labeled and unlabeled data. The former type 
is used during the training stage of an algorithm, while the latter is used during testing to determine model performance Bilgin 
(2017). The choice of the algorithm depends on the characteristics of the data. Machine learning algorithms are typically used to 
perform tasks such as clustering, classification, and prediction. These algorithms are generally classified into three main learning 
paradigms: supervised learning, unsupervised learning, or reinforcement learning. The main machine learnings are illustrated in 
Figure 4. Both input and output data are fed to the system under supervised learning, whereas only input data are provided under 
unsupervised learning. Reinforcement learning, on the other hand, aims to train a system to take the best actions by analyzing 
feedback signals of the input. 

Figure 4 Conceptual Overview of Machine Learning Paradigms, Illustrating the three Primary Approaches—Supervised 
Learning, Unsupervised Learning, and Reinforcement Learning—and their Representative tasks Tosunoğlu et al. (2021) 

 
Choosing the optimal algorithm is an important challenge for practitioners and researchers, as the model can only perform its 

best if it is compatible with the dataset. Popular machine learning algorithms include k-Nearest Neighbors (kNN), Naïve Bayes 

Figure 4 
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classifiers, decision trees, logistic regression, support vector machines (SVM), and artificial neural networks (ANN) Tosunoğlu et al. 
(2021). In supervised learning, the system is trained on labeled data, where each training example contains both an input and a 
corresponding output value. This process involves evaluating the trained model on a test dataset to measure its accuracy. The trained 
algorithm assigns predicted outputs to previously unseen test data using the patterns in the training dataset. Often, the problem is 
solved in the context of classification tasks, where the model tries to assign instances to predefined categories. Different classification 
techniques may be used depending on the problem and the dataset. Thus, the number of labeled samples needed for training may 
vary by application. In unsupervised learning, the model is trained on unlabeled data, unlike supervised learning. No classification 
can be performed directly, as the data's output labels are unknown Bilgin (2017). Unsupervised learning, by contrast, seeks to 
identify hidden patterns or structures in data. The most popular form of unsupervised learning is clustering, in which data samples 
are grouped by similarity in their features. To minimize dataset complexity, clustering techniques are often used alongside feature 
extraction and dimensionality reduction methods to capture relationships among variables. These analyses generate input features 
for supervised learning models Bilgin (2017). 

 
WEARABLE TECHNOLOGY AND SLEEP DISORDERS 

Wearable devices are components of wearable technology that monitor health, activity, security, and communication, among 
other functions. These devices include smartwatches, fitness bands, smart glasses, and sensor-based health-monitoring systems, all 
of which can aggregate and analyze physiological information Yıldız (2025). 

Figure 5 Overview of Wearable Technology Devices by Body Placement and their Associated Applications Kılıç (2017). 

 
A major benefit of wearable devices deployed in health care is that they can be worn throughout the day, collecting continuous, 

real-time data. The rapidly escalating costs of healthcare services, as well as limited access to healthcare in underdeveloped regions 
and shortages of healthcare personnel, have also motivated the use of wearable technologies in the healthcare sector. The data 
captured by these devices Figure 5 can be used to monitor an individual's health in real-time, reducing healthcare costs and 
inefficiencies in healthcare utilization, and is therefore valuable for patients, healthcare professionals, and society as a whole Gün 
and Bayzan (2024). Recently, novel wearable devices have been developed that can detect physiological signals through body contact 
and send the acquired information to physicians. With the advent of wearable technologies, the traditional patient-physician 
relationship has changed. Through wearables, a number of sensors contribute to the diagnostic procedure by enabling individuals 
to continuously monitor their health conditions. Such devices facilitate the identification of suitable therapeutic measures for 
patients and enable doctors to gather patient information remotely. Most hospitals have medical records related to patients’ health 
conditions. Incorporation of these records, together with physiological and sensor data collected from wearable devices, could yield 
richer, more complete data to aid the treatment process Aydın (2019). 

Figure 5 
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Figure 6 Wearable Healthcare Monitoring System with Data Acquisition, Processing, and Wireless Transmission Modules 
Özcan (2025) 

 
Figure 6 shows the general architecture of the wearable monitoring system. Sensors turn an individual’s physiological signals 

into electrical signals. Digital signals are sent straight to the smart processing unit, while analog signals are converted through an 
analog-to-digital converter to digital before being sent to the smart unit. Then the acquired data is subsequently transmitted to the 
evaluation center for further analysis and interpretation Özcan (2025). In recent years, the growing prevalence of the Internet of 
Things (IoT) has enabled both healthcare professionals and patients to benefit from improved monitoring capabilities. Wearable 
devices, such as cardiac monitoring bands, enable patients to track their heart activity without visiting a hospital. Physiological data 
derived from these devices allows physicians to perform clinical assessments without extensive diagnostic testing. As a result, 
patients can monitor their health status despite of location. Furthermore, wearable technologies allow patients to monitor their 
health conditions without requiring prolonged hospital stays or occurring often visits to healthcare facilities. This approach mahe 
less unnecessary healthcare costs and patient stress while decreasing the burden on healthcare systems Aydın (2019).  

Figure 7 A Wearable Sleep-Monitoring Device for Sent to Hysiological Signals and Remote Medical Analysis Çakır et al. 
(2018) 

 
Sleep disorders can lead to numerous adverse effects in daily life, as well as attention deficits, memory problems, problems in 

concentration, mood changes, anxiety, and many neurological complications. These complications may cause stress, cardiovascular 
diseases, and even diabetes, which can also be sources of this kind. Among sleep disorders, sleep apnea is thought to be one of the 
most serious conditions, and if left untreated, it can have life-threatening consequences. Thus, precise diagnosis of sleep disorders 
and adequate interpretation of psychophysiological data are indispensable for supporting physicians in reaching a correct conclusion 
about the patient's disease condition. Compared with the classical diagnostic approach, wearables have been increasingly adopted 
for assessing sleep processes in recent years, such as WatchPAT in Figure 7 Serçe and Ovayolu (2024). 

Figure 6 

  

Figure 7 
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SIGNAL PROCESSING METHODS USED IN SLEEP APNEA DIAGNOSIS 

Examining studies on sleep apnea, it is evident that the research process comprises three major parts. The first stage involves 
obtaining biosignals directly from PSG or portable monitoring devices and applying filtering to remove noise. In the second stage, 
the obtained signals are preprocessed, and relevant features are extracted. The extracted features are analysed in the last step by 
software tools, producing diagnostic results. Several feature extraction techniques have been developed in the literature. Some of 
the most commonly used techniques include power spectral density (PSD), wavelet transform, and time–frequency analysis Uçar et 
al. (n.d.). Extracting meaningful features from acquired signals is one of the most critical steps in signal processing. There are many 
techniquesin the literature for analyzing features in both the time and frequency domains Balcı et al. (2021). A signal can be defined 
as a numerical function that represents physical changes over time; mathematically, a signal can be expressed as a function g(t) of t 
Öner et al. (2017). In time-series analysis, spectral analysis methods such as the Fourier transform and the the wavelet transform 
are frequently used to study signal characteristics Abrak and Yerci (2012). 

1) Fourier Transform: The Fourier Transform is one of the most widely used techniques in signal processing, transforming 
signals from the time domain into the frequency domain Ersöz and Özşen (2011). It indicates both the amplitude and phase 
of a signal. Because of the Fourier transform's analytical power, it has become important in many scientific fields, such as 
engineering, medicine, and chemistry Bracewell (1989). A Fourier Transform is one of the most important methods for 
analyzing signals, independent of translation and scaling. The Fourier analysis of the signal data yields frequency-domain 
representations, enabling the identification and analysis of its frequency components. Typically, in various studies, Fourier 
Transform-based frequency spectra are employed to analyze information extracted from signals Hanbay (2021). 

On the other hand, stationary signals usually perform better with Fourier analysis. Fourier-based approaches may not be 
sufficient for non-stationary signals, such as EEG signals with transient spikes and complex waveform patterns Ersöz and Özşen 
(2011). In the latter case, wavelet analysis is an ideal alternative, as it permits the study of localized signal characteristics in both the 
time and frequency domains Walker (1997). 

2) Wavelet Analysis: The wavelet transform is the standard method for time–frequency signal analysis. One reason for the 
popularity of this approach is that the window size can vary with the analysis scale. At a broader window scale, the mother 
wavelet captures low-frequency components of the signal. In contrast, lowering the window scale narrows the window, 
making its higher-frequency components detectable. Thus, both the low-frequency and high-frequency characteristics of the 
signal are available for simultaneous analysis Walker (1997). Wavelets are finite-time oscillatory functions with a 
characteristic start and ending approaching zero. Due to their short duration and variable shape, wavelets are very useful 
to detect transient changes in signals. The two key approaches in wavelet analysis are widely adopted. One such method is 
the Discrete Wavelet Transform (DWT), which is specifically capable of detecting sharp transformations in the signals. The 
second application requires continuous wavelet analysis to obtain a time–frequency description of the signal and detect 
changes in frequency over time Sak and Beyen (2019). 

3) Power Spectral Density: The Power Spectral Density (PSD) is a signal analysis technique that characterizes the distribution 
of signal power across different frequency components. This approach defines the power of a signal as a function of 
frequency and facilitates the analysis of the distribution of the signal energy in varying frequency ranges. In fact, PSD analysis 
is a technique that can tell us whether a particular frequency component is present in a signal and calculate the power 
associated with those frequencies İkizler and Ekim (2025). 

 
SELECTED STUDIES ON SLEEP APNEA 

Sleep apnea syndrome may lead to serious health complications if left untreated that quality of life. For an accurate and effective 
diagnosis of this illness, several methods and technological approaches have been proposed in the literature. Generally, these 
approaches focus on facilitating the diagnostic process and providing decision-support tools for physicians. 

In a study, Sharma et al. (2022) developed an automated apnea detection method to determine oxygen saturation and pulse rate 
signals using a pulse oximeter. In that study, some sleep-related occurrences were labeled using the Sleep Heart Health Study dataset, 
which included a variety of patient cohorts (n = 8068, age ≥ 40 years). In this study, which used two independent test groups and 
30-second periods, a deep learning model was trained to detect sleep apnea. 

The proposed algorithm demonstrated high performance in apnea detection, achieving an area under the receiver operating 
characteristic curve (AUC-ROC) of 90.4% and an area under the precision–recall curve of 58.9%. The model achieved the highest 
sensitivity for obstructive apnea detection at 93.4%, followed by 90.5% for central apnea detection Sharma et al. (2022). 

Pépin et al. (2009) conducted a study involving 34 patients suspected of having sleep apnea. In their research, polysomnography 
was performed simultaneously with nasal pressure (NP) and Holter ECG recordings. A healthcare specialist who was blinded to the 
polysomnography results analyzed the Holter ECG and nasal pressure recordings. The apnea–hypopnea index (AHI) obtained from 
polysomnography was compared with the AHI values derived from the visual and automated analysis of Holter ECG and nasal 
pressure signals. Using a randomly selected group of 10 participants as the development set, the optimal threshold value for 
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detecting sleep apnea (AHI > 20 events/hour in PSG) was determined to be 35 events/hour using receiver operating characteristic 
(ROC) analysis. The prospective evaluation of this threshold was then performed on 19 participants in the test set. For visually scored 
Holter ECG plus NP recordings, the negative predictive value (NPV) for sleep apnea was 80%, while the positive predictive value 
(PPV) reached 100%. The area under the ROC curve was found to be 0.97. For automated analysis, the NPV was 86%, the PPV was 
100%, and the area under the ROC curve was 0.85. The authors concluded that nasal pressure recordings obtained via a Holter 
system could serve as an effective screening tool for sleep-related breathing disorders in routine cardiology practice Pépin et al. 
(2009). 

Li et al. (2017) investigated the reliability of a pulse oximeter system capable of automated analysis based on 
photoplethysmography (PPG) signals for the diagnosis of sleep apnea. The authors compared measurements obtained from PPG 
signals with those obtained through polysomnography. In their study, PPG monitoring was performed simultaneously with overnight 
polysomnography in a sleep laboratory. A total of 49 patients with suspected sleep apnea (38 males; mean age: 43.5 ± 16.9 years; 
BMI: 26.9 ± 0.5 kg/m²) were included in the study. Automated analysis was performed using only PPG and oximeter signals. The 
respiratory event index derived from PPG showed a strong correlation with the apnea–hypopnea index obtained from PSG (r = 0.935, 
P < 0.001). In addition, significant correlations were observed between PPG- and PSG-derived total sleep time and oxygen 
desaturation index values (r = 0.418, P = 0.003; r = 0.933, P < 0.001, respectively). Bland–Altman analysis demonstrated good 
agreement between PPG and PSG measurements. The authors concluded that pulse oximeter systems based on PPG recordings could 
provide acceptable results for the diagnosis and screening of moderate and severe OSA patients Li et al. (2017). 

Nazli (2021) analyzed electrocardiography (ECG) signals by dividing them into one-minute segments and extracting heart rate 
variability (HRV) signals using the information obtained from R-peaks. Time-domain and frequency-domain features were derived 
from HRV signals, and apnea classification was performed using five different machine learning algorithms. The highest classification 
accuracy (85.26%) was achieved using the Random Forest algorithm. The highest sensitivity (78.08%) was obtained using the k-
Nearest Neighbor (kNN) algorithm, while the highest specificity (91.4%) was achieved with the Random Forest classifier Nazli 
(2021). 

Babur et al. (2018) proposed an apnea prediction method using signals recorded by polysomnography during sleep. In their 
study, ECG signals obtained from sleep laboratory recordings were processed using MATLAB to predict apnea events. The analysis 
was based on the RR interval variations of ECG signals. Various parameters derived from these RR intervals were used in the analysis. 
As a result, by determining the power spectral density of ECG signals, the authors achieved an apnea detection accuracy of 88.57% 
for obstructive apnea and hypopnea events Babur et al. (2018). 

Karamustafaoğlu et al. (2014) used electrocardiography (ECG), electroencephalography (EEG), and electromyography (EMG) 
signals obtained from sleep laboratory recordings. The aim of the study was to predict apnea events by applying different signal 
processing techniques to these signals. Signals recorded during obstructive apnea, hypopnea, and normal breathing periods were 
processed in the MATLAB environment. The results obtained from the proposed methods were compared with diagnoses made by 
healthcare professionals to determine accuracy rates. The authors applied Yule–Walker, Welch, and Periodogram methods to 
estimate the power spectral density of the signals. The results indicated that determining the power density of ECG signals provided 
an apnea detection accuracy of 88.3% in obstructive apnea and hypopnea cases Karamustafaoğlu et al. (2014). 

Yıldız et al. (2017) investigated whether apnea events could be automatically detected from heart sounds by training classifiers 
using time-domain and frequency-domain features characterizing changes in heart sounds during apnea events. Polysomnography 
recordings were obtained from 17 individuals, and heart sounds were recorded simultaneously. Machine learning classification 
methods, including kNN and SVM, were applied to heart sound features. The results indicated that the kNN classifier reached 48% 
accuracy and 100% specificity, while the SVM classifier reacded 82% accuracy and 42% specificity. The authors concluded that apnea 
detection based only on heart sound signals was not sufficiently reliable Yıldız et al. (2017). 

In a separate study, Yıldız et al. (2017) developed an automatic recognition system to detect apnea from single-channel ECG 
recordings. The 8-hour ECG recordings in the study comprise 20 healthy individuals and 40 patients with apnea. A wavelet-based 
algorithm was used to detect changes in RR intervals, which represent heart rate variability. SVM and ANN algorithms were used to 
classify apnea and non-apnea recordings. Here, the accuracy of the SVM classifier was 98.3%, and the ANN classifier achieved 96.7% 
Yıldız (2017). 

Table 2 shows a summary of some studies focusing on sleep apnea detection using physiological signals and machine learning 
techniques is presented. 
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Table 2 

Table 2 Summary of Some Studies on Sleep Apnea. 

Study Data Type / Signals Method / 
Algorithm 

Participants Key Results 

Pulse Oximetry (SpO₂ and 
Pulse Rate) 

SpO₂ and Pulse 
Rate 

Deep Learning 
Model 

8068 
Participants 

AUC-ROC: 90.4%, Sensitivity: 93.4% 
OSA / 90.5% CSA 

Holter ECG and Nasal 
Pressure 

ROC-Threshold 
Analysis 

ROC-Threshold 
Analysis 

34 Patients NPV: 80–86%, PPV: 100%, AUC: 
0.97 

PPG and Pulse Oximetry Automated Signal 
Analysis 

Automated Signal 
Analysis 

49 Patients Correlation with PSG AHI, r = 0.935 

ECG-Derived HRV Random Forest, 
kNN 

1-Minute Segments 1-Minute 
Segments 

Accuracy: 85.26%, Sensitivity: 
78.08%, Specificity: 91.4% 

ECG (RR Intervals) Power Spectral 
Analysis 

Sleep Lab Data Sleep Lab Data Accuracy: 88.57% 

ECG, EEG, EMG Yule-Walker, 
Welch PSD 

Sleep Lab Datasets Sleep Lab 
Datasets 

Accuracy: 88.3% 

Heart Sound Recordings kNN and SVM 
Classifiers 

— 17 Subjects kNN: 48%, SVM: 82% 

Single-Channel ECG SVM and ANN 
Classifiers 

8-Hour Recordings 8-Hour 
Recordings 

SVM: 98.3%, ANN: 96.7% 

 
DISCUSSION AND CONCLUSION 

The prospects of artificial intelligence, machine learning, and wearable technologies for diagnosing sleep apnea have been 
discussed, highlighting the essential role of engineering disciplines in these areas. The results suggest that the diagnosis of advanced 
sleep disorders such as sleep apnea cannot be made solely through medical methods but also requires multidisciplinary engineering.  
In this regard, biomedical engineering leads to the development of sensors for physiological signal detection and state monitoring; 
electrical and electronics engineering supports data acquisition, transmission, and hardware system design; and software 
engineering aids AI–based data analysis and decision support systems. The cooperation between these engineering disciplines 
accelerates diagnostic methods, making them faster, more accessible, and more efficient while surmounting many constraints of 
conventional diagnostics. Additionally, the integration of wearable and intelligent data analysis methodologies has established the 
ability of continuous evaluation and early diagnosis of sleep disorders. These technological advances may minimize reliance on 
conventional lab-based diagnostic systems and realize a more individualized approach in patient-centered healthcare. Ultimately, 
different engineering fields involved in sleep apnea diagnosis not only improve the results of the existing diagnosis, the work of these 
engineering fields could also push future advancements of medical electronics as well as healthcare technologies. For these 
innovations to progress sustainably, interdisciplinary collaboration is essential, along with engineering solutions that address 
clinical needs while prioritizing patient comfort and accessibility. 
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