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analysis was also conducted, where the minute-level predictions were collected into an Apnea Index 
and four categories of severity were established: normal, mild, moderate and severe. 
 
The results showed that classical machine learning and ensemble approaches provided the most 
consistent generalization. The Weighted-AUC set had the best overall external performance with an 
AUC of 0.939 and F1 score of 0.834. Patient severity estimation also showed promising results with a 
mean absolute error of the apnea index of 3.01 events per hour and a severity accuracy of around 80% 
in the external assessment. 
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Abstract 

 
Obstructive Sleep Apnea (OSA) is a common sleep-related breathing disorder associated 
with cardiovascular morbidity, yet it remains underdiagnosed due to the cost, complexity, 
and intrusiveness of polysomnography, the clinical gold standard. This study developed and 
evaluated ten classifiers for minute-level OSA detection using the PhysioNet Apnea-ECG 
database: three classical machine learning models (Logistic Regression, SVM with RBF 
kernel, Random Forest), four deep learning models (CNN and RNN on raw ECG, and their 
RR+EDR-enhanced variants CNN_RREDR and RNN_RREDR), and three ensemble 
strategies (Soft Voting, Weighted-AUC Voting, Stacking). Heart rate variability and ECG-
derived respiration (EDR) features were extracted from one-minute windows with a ±1-
minute temporal context, yielding 45 input variables. 
 
All evaluation was subject-independent to avoid data leakage. Hyperparameters were 
selected via subject-stratified 5-fold GroupKFold cross-validation, with SVM-RBF achieving 
the best CV-AUC (0.873), followed by Random Forest (0.847) and Logistic Regression 
(0.831). Models were then trained and internally tested on a 75/25 grouped split (26 
subjects/9,360 windows for training; 9 subjects/3240 windows for testing) and externally 
validated on the independent official test set (records x01–x35, 35 subjects, 12600 
windows). 
 
Internally, Random Forest performed best individually (accuracy 83.6%, AUC 0.927), 
closely followed by SVM-RBF (AUC 0.923); raw-ECG deep learning models 
underperformed (CNN AUC 0.632, RNN AUC 0.595) but improved substantially with 
RR+EDR input (CNN_RREDR AUC 0.910, RNN_RREDR AUC 0.800). The Weighted-AUC 
ensemble achieved the best overall internal balance (accuracy 84.7%, F1 0.808, κ = 0.681). 
External validation confirmed these trends for classical models and ensembles (Random 
Forest AUC 0.933; Weighted-AUC ensemble AUC 0.939, F1 0.834, accuracy 87.7%), while 
raw-ECG deep learning models degraded sharply (RNN AUC 0.581), traced to subject-level 
leakage in early stopping validation rather than hyperparameter choice. 
 
Statistical robustness was assessed via McNemar's test and subject-grouped bootstrap 
resampling across 45 pairwise comparisons. McNemar's test found most significant 
differences (43/45, p < 0.05), while the subject-clustered bootstrap showed fewer significant 
differences, warranting cautious interpretation given the limited subject pool. Results were 
competitive with prior state-of-the-art studies on this database (77.3%–97.4% accuracy). 
Key limitations include reliance on a single database, small subject cohort, and limited deep 
learning architecture optimization. 
 
 
Keywords: Obstructive Sleep Apnea (OSA), machine learning, deep learning, classifiers, 
ECG, EDR. 
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1. Introduction 

1.1. Problem Description 

 

Obstructive sleep apnea (OSA) is a condition characterized by the complete blockage of the 

upper airway during sleep, leading to oxygen deprivation (hypoxia) in organs and tissues. 

Hypopnea, on the other hand, refers to episodes lasting at least 10 seconds, during which 

the respiration rate decreases by 50% or more. [1] 

 

Sleep – Related Breathing Disorders (SRBD) such as obstructive sleep apnea-hypopnea 

syndrome (OSAHS) are closely related to cardiovascular disease (CVD) and hypertension. 

These conditions pose serious health risks, as each apnea or hypopnea episode reduces 

oxygen supply to the brain and body tissues. The primary concern is that many cases go 

undiagnosed, significantly increasing the risk of stroke and heart attack. [1] [3] [9] [10] [11] 

 

The diagnosis of OSAHS is typically based on polysomnography, a high-cost clinical study 

that monitors respiratory, cardiac, pulmonary, and brain activity. However, polysomnography 

is intrusive for patients and requires substantial resources. [1] [2] [4] [5] 

 

OSA has a low diagnosis rate despite its severe cardiovascular consequences. Combined 

with the high costs of diagnosis (polysomnography) and treatment (CPAP therapy, CPAP 

titration, and in some cases, surgery), OSA represents a significant public health issue. 

 

OSA episodes often occur due to the collapse of throat muscles during sleep, leading to 

upper airway obstruction, as illustrated in Figure 1. Another form of sleep-disordered 

breathing, central sleep apnea (CSA), occurs when the brain fails to send proper signals to 

the muscles controlling respiration. Unlike OSA, which results from physical airway 

obstruction, CSA is a neurological condition and is less common than OSA. [1] [3] [6] 
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Figure 1. Obstructive sleep apnea mechanism.1 

  

Evidence supports a causal link between sleep apnea and the incidence and morbidity of 
hypertension, coronary heart disease, arrhythmia, heart failure, stroke, and systemic 
inflammation. [1] [8] [9] [10] [11] 

Machine learning (ML) offers a promising approach for diagnosing obstructive sleep apnea 
(OSA) by accelerating detection, simplifying the process, and making it more accessible. 

ML-based OSA diagnosis involves extracting features from sensor data and biophysiological 
signals, followed by training predictive models to identify the condition. These techniques 
have the potential to enhance diagnostic efficiency and accuracy, enabling earlier and more 
effective treatment. However, rigorous validation is essential before clinical implementation. 
[1] [14] 

1.2. Diagnostic Methods 

 

Beyond the cardiovascular and neurological consequences of obstructive sleep apnea 
(OSA), its low diagnosis rate and high associated costs remain significant challenges. 
Traditionally, sleep-related respiratory disorders have been diagnosed in specialized sleep 
laboratories. However, emerging technologies such as machine learning and deep learning 
are now being leveraged to automate diagnosis and develop portable diagnostic systems. 
  

 
1 What is Obstructive Sleep Apnea? - SleepWorks Medical 

https://www.sleepworksmedical.com/what-is-obstructive-sleep-apnea/
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1.2.1. Polysomnography 

 

The gold standard for diagnosing OSA is overnight polysomnography (PSG). As illustrated 
in Figure 2, PSG monitors multiple physiological parameters, including heart, lung, and brain 
activity, breathing patterns, and blood oxygen levels. 
Polysomnography is a complex and resource-intensive procedure, requiring the 
measurement of various physiological signals and manual data interpretation, which 
introduces the potential for human error. OSA diagnosis is typically based on the apnea-
hypopnea index (AHI), which quantifies the number of apnea or hypopnea events per hour 
of sleep. Over time, the scoring criteria for hypopneas have evolved, with oxygen 
desaturation serving as a key factor in defining these events. 

 

 
 

Figure 2. PSG patient setup2 

 
 

Sleep disorders like OSA are diagnosed through sleep studies, which often require patients 
to stay overnight in a hospital setting. A comprehensive sleep study (PSG) records brain 
wave patterns, breathing patterns, abdominal wall movements, heart rate, and other 
parameters. These data are then reviewed and analyzed by specialized technicians. In 
some cases, patients may need to return for an additional night to assess and adjust 
treatment. 
 
The primary treatment for OSA, alongside sleep hygiene measures, is the regular use of 
continuous positive airway pressure (CPAP) therapy. CPAP is administered via a CPAP 
machine with a fitted face mask, ensuring that the airway remains open during sleep. 
 

 
2 https://yeshwanthneurologist.com/polysomnography-sleep-study/ 
 
 

https://yeshwanthneurologist.com/polysomnography-sleep-study/
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Despite the extensive data it provides, PSG is costly, intrusive, and labor-intensive. 
Moreover, its diagnostic accuracy depends on human expertise, which may introduce 
variability. [1] [7] 
The PSG-derived AHI is the primary metric for assessing OSA severity. It is calculated as 
the number of apnea and hypopnea events per hour of sleep, as shown in Equation 1.1.  

 

𝐴𝐻𝐼 =
𝑇𝑁𝐴𝐸 + 𝑇𝑁𝐻𝐸

𝑇𝑆𝑇
                (1.1) 

 
Where: 
 
AHI: Apnea Hypopnea Index. 
TNAE: Total Number of Apnea Episodes. 

TNHE: Total Number of Hypopnea Episodes. 
TST: Total Sleep Time. 
 
Figure 3 presents the Apnea-Hypopnea Index (AHI) classification, which categorizes 
Obstructive Sleep Apnea (OSA) severity based on the number of apnea and hypopnea 
events per hour of sleep.  
 

• Healthy (0–4 AHI): Normal breathing with no significant sleep disturbances or health risks. 
 

• Mild OSA (5–14 AHI): Occasional breathing interruptions; may cause light snoring and mild 
daytime fatigue. Lifestyle changes or CPAP may be recommended.  

 

• Moderate OSA (15–29 AHI): Frequent apneas/hypopneas, leading to noticeable sleep 
disruption and increased cardiovascular risks. CPAP therapy is typically required.  

 

• Severe OSA (≥30 AHI): Persistent airway obstruction leading to significantly decreased 
oxygen saturation, severe daytime sleepiness, and an increased risk of serious conditions 
such as hypertension, heart disease, and stroke. CPAP or advanced treatments are 
essential. 

 
 

Figure 3. OSA severity according to AHI. [1] [4] 
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OSA severity is also associated with episodes of hypoxia and hypercapnia. In mild cases, 
oxyhemoglobin saturation may drop to 95%, whereas in severe cases, it can fall below 80%. 
[2] [3] [10]  
Increased hypoxia can contribute to venous hypertension, disrupt metabolic processes, and 
promote tissue damage. 
However, AHI alone does not fully capture the effects of chronic intermittent hypoxia (CIH), 
which may trigger systemic inflammation in some OSA patients. Total sleep time (TST) has 
been suggested as a more reliable metric for evaluating CIH. Thus, OSA severity should be 
assessed using a combination of AHI and other hypoxia-related variables. [2] [9] 

 
Establishing a direct correlation between AHI and OSA’s clinical manifestations remains 
challenging. Some patients with a high AHI exhibit minimal symptoms, while others with a 
low AHI experience significant clinical effects. This variability may be attributed to individual 
differences in susceptibility to systemic consequences such as intermittent hypoxia, 
intrathoracic pressure fluctuations, variations in sympathetic tone, and hemodynamic 
instability. 
 
Additionally, AHI-based OSA severity classification is influenced by the inclusion of sleep 
staging in PSG tests. Studies that omit sleep staging, such as cardiorespiratory polygraphy, 
often yield lower AHI values than PSG-based assessments, where wakefulness periods are 
excluded from AHI calculations. This discrepancy is particularly relevant when evaluating 
patients with mild to moderate OSA. However, advancements in electrode placement and 
automated analysis have enabled the use of PSG in ambulatory recordings. Multi-night 
studies may offer a more accurate assessment than a single-night study, particularly with 
the development of edge technology and minimal-contact devices designed for home-based 
monitoring. These home studies, which do not include sleep staging, provide a more 
accessible alternative while maintaining diagnostic reliability. 
Technical variations, such as differences in airflow measurement methods (e.g., thermistors 
vs. nasal prongs), can influence the detection of respiratory disturbances. Additionally, 
inconsistencies in hypopnea definitions may impact severity assessment. The choice of a 
3% or 4% oxygen desaturation threshold, with or without arousal, has been shown in a 
Spanish community-based study to significantly affect OSA prevalence and severity 
classification. This variation also influences the association between OSA and 
cardiovascular outcomes. 
 
Oxygen desaturation is generally more pronounced during apnea than hypopnea and 
becomes more severe with longer event durations. The severity of desaturation events 
differs between hypopnea and obstructive apnea and is further modulated by their duration 
in OSA [7]. 
 
According to [2], total sleep time (TST) is a strong predictor of chronic intermittent hypoxia 
(CIH) and an important indicator of the risk of adverse cardiovascular events. 
Figure 4 illustrates the prevalence of OSA in cardiovascular disease (CVD) patients, using 
a lower threshold of AHI ≥ 15. 
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Figure 4. Prevalence (%) of OSA in CVD. [1] 

 

1.2.2. Home Polysomnography 

 

Home sleep studies (HSS) are an economical and easily accessible method for identifying 

obstructive sleep apnea (OSA). Unlike polysomnography (PSG), which requires an 

overnight stay in a sleep laboratory, HSS are performed in the patient's home and typically 

measure the following parameters: 

• Respiratory flow: Identification of breathing delays. • Respiratory effort: Movement of the 

chest and abdomen. 

 

• Oxygen saturation (SpO₂): Blood oxygen level. 

 

Some advanced HSS include more sophisticated features, such as actigraphy to measure 

sleep-wake patterns and body position monitoring to assess positional sleep apnea. While 

HSS are easier to use in practice and more convenient, they have limitations, as they do not 

detect sleep stages, awakenings, or brain activity, since they do not include 

electroencephalographic (EEG) monitoring. This can lead to an underestimation of the 

severity of OSA, especially in cases of respiratory events that cause arousals rather than 

oxygen desaturation. 

 

Home sleep testing: Despite their advantages, home sleep testing (HST) is not suitable for 

all patients. The American Academy of Sleep Medicine (AASM) advises using HST only for 

patients with a high pretest probability of moderate to severe OSA. HST should not be used 

for: 
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• Patients with comorbid conditions such as heart failure, chronic obstructive 

pulmonary disease (COPD), neuromuscular disorders, or obesity hypoventilation 

syndrome, as these conditions are likely to interfere with accurate results. 

 

• Suspected central sleep apnea (CSAD) or any other sleep disorder, as HST cannot 

distinguish between obstructive and central sleep apnea. 

 

• Pediatric patients because their respiratory events are based on arousals rather than 

oxygen desaturation, and HST cannot measure this. Furthermore, mild cases of OSA 

can be misclassified by home sleep testing (HST) due to the lack of clear 

wakefulness and sleep symptoms, leading to false negatives. To determine if an HST 

is appropriate for a patient, a structured evaluation is performed: 

 

1.2.2.1. Clinical Evaluation 

 

• We conduct a thorough history regarding risk factors for obstructive sleep apnea 

(OSA), such as snoring, witnessed apneas, daytime sleepiness, obesity, 

hypertension, and type 2 diabetes. 

 

• Validated screening tools, such as the Epworth Sleepiness Scale (ESS) or the 

STOP-BANG questionnaire, can be used to assess the likelihood of OSA. 

 

1.2.2.2. Eligibility Criteria 

 

• If the patient presents a high pretest probability of moderate to severe OSA without 

significant comorbidities, they are a candidate for a home sleep test (HST). 

 

• If the patient has serious comorbidities or central sleep apnea, a laboratory 

polysomnography (PSG) is recommended. 

 

1.2.2.3. Setup and instructions for the home sleep test 

 

• The patient is provided with detailed instructions on how to correctly use the PSD 

device with nasal cannulas, respiratory effort belts, and pulse oximeters. 
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• The patient is advised to maintain their usual sleep schedule and avoid caffeine, 

alcohol, or sedatives before the test. 

 

1.2.2.4. Data collection and review 

 

• The PSD device records breathing patterns, oxygen levels, and other key 

parameters throughout the night. 

 

• A sleep specialist reviews the data and calculates the Apnea-Hypopnea Index (AHI) 

to classify the severity of obstructive sleep apnea (OSA). 

 

1.2.2.5. Follow-up and interpretation. 

 

• If the results of the home sleep test (HST) are positive, treatment is initiated (e.g., 

CPAP therapy). 

 

• If the HST results are negative, but symptoms persist, the patient is referred to for 

polysomnography (PSG) for further evaluation. 
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Figure 5 depicts the evaluation workflow for the implementation of Home-PSG. 

 

Figure 5. Home – PSG assessment. [12] 

 

Clinical Implications and Recommendations 

 
While polysomnography (PSG) remains the most reliable diagnostic tool, home sleep testing 
(PSD) can be an effective screening tool for moderate to severe obstructive sleep apnea 
(OSA) in appropriate patients. However, a negative PSD does not mean that OSA is no 
longer detectable, and in some cases, further testing is required. For accurate diagnosis and 
treatment, the following guidelines should be followed:  
 

1. Patients with a high probability of OSA, but without significant comorbidities, can 
undergo PSD as a primary diagnostic tool.  
 

2. Patients with a negative PSD, but with persistent symptoms, should be referred to 
as laboratory PSG for confirmation.  
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3. Patients with complex sleep disorders, suspected central sleep apnea, or serious 
medical conditions should be evaluated directly with PSG.  
 

4. PSDs are a cost-effective, accessible, and practical method for diagnosing OSA in 
certain patients. However, because they do not record sleep architecture or 
respiratory events related to arousals, polysomnography (PSG) is essential for a 
comprehensive diagnosis. A structured assessment process ensures that home 
stress tests are administered appropriately and effectively, thereby ensuring timely 
diagnosis and treatment of obstructive sleep apnea (OSA) and reducing costs and 
burden for the patient.  
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2. Objectives 

 

2.1. General Objective 

 

▪ Implement a set of classifiers to support obstructive sleep apnea syndrome 
diagnosis. 

 

2.2. Specific Objectives 

 

▪ Preprocess an obstructive sleep apnea diagnostic dataset containing records from 
healthy controls and affected patients. 

 
▪ Train a set of machine learning classifiers using ECG and EDR signals to support 

obstructive sleep apnea diagnosis. 
 

▪ Classify obstructive sleep apnea severity using a hierarchical approach. 
 

▪ Evaluate the performance of the implemented classifiers in terms of accuracy, 
precision, recall, F1-score, and area under the receiver operating characteristic 
curve (AUC). 
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3. Background 

 

Artificial Intelligence (AI) has revolutionized multiple fields, including healthcare, finance, 

transportation, and social sciences. One of its most promising applications is in the 

automated diagnosis of medical conditions, particularly Obstructive Sleep Apnea (OSA). 

Traditional Polysomnography (PSG), the gold standard for OSA diagnosis, is expensive and 

resource intensive.  

Machine Learning (ML) and Deep Learning (DL) offer alternative methods that can automate 

diagnosis, making it faster, cost-effective, and more accessible. 

This section explores Artificial Intelligence techniques applied to OSA detection, focusing on 

Machine Learning classifiers, deep learning models, and their performance evaluation. 

 

3.1. Artificial Intelligence and Machine Learning in Healthcare 

 

AI enables computers to mimic human intelligence, analyze complex data, recognize 

patterns, and make predictions. Machine Learning (ML), a subset of AI, uses data-driven 

algorithms to improve performance over time without explicit programming. Deep Learning 

(DL), a more advanced form of ML, utilizes artificial neural networks (ANNs) to model 

complex patterns in medical data. 

In OSA diagnosis, ML and DL techniques analyze electrocardiogram (ECG), oxygen 

saturation (SpO2), respiratory signals, and other physiological markers to classify apnea 

severity and improve diagnostic accuracy. 

AI is any technique that provides computers the ability of mimic human intelligence. Through 

AI, computers can analyze images, understand speech, recognize handwriting, guide 

unmanned vehicles, make medical diagnosis, interact in natural ways, and make 

predictions using data. 

AI is a complex branch of computer science committed to design and build smart machines 

capable of performing tasks that usually require human intelligence. [38] 

According to [39], AI is the study of rational agents that receive percepts from the 
environment and perform actions. An agent is anything capable of perceiving its 
environment (accepting input stimuli), processing that input information to act on its 
environment (providing outputs) and rationality is a human capacity that enables thinking, 
evaluate and act according to some principles of performance and consistency. 

 
Figure 6 is a comprehensive model of modern AI structure according to [41], where AI is the 

wider field and machine learning, and deep learning is a specific AI subset.  

 



26 
 

 

Figure 6. Modern AI structure. [41] 

 

3.2. Machine Learning (ML)  

 

Machine Learning is a subfield of AI involved in the development of self-learning algorithms 

capable of extracting knowledge from data and making predictions.  

Machine learning provides an efficient way to derive rules and create models from large data 

repositories that allow them to capture the hidden knowledge and gradually improve the 

performance of predictive models and make data-driven decisions. [40] 

ML aims to develop algorithms whose performance improve as they are exposed to more 

data over time. Figure 7 shows a comparison between traditional programming paradigms 

and machine learning paradigms. It is inferred that ML systems are trained rather than 

explicitly programmed, establishing a new programming paradigm in which the rules driving 

data behavior must be discovered.  

Supervised learning is a type of machine learning where the algorithm is trained on a set 

of labeled data, meaning that each data point is associated with a corresponding label or 

target value. The objective of supervised learning is to learn a function that maps inputs to 

outputs, given a set of input-output pairs. Supervised learning includes classification and 

regression analysis. 

According to [40], the main goal in supervised learning is to learn a model from labeled 

training data that allows making predictions about unseen or future data. Here, the term 

supervised refers to a set of samples where the desired output signals (labels) are already 

known.  
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Figure 7. Traditional programming paradigms versus ML paradigm.3 

 

Figure 8 shows the supervised learning process and resembles the way humans are taught. 

According to [41], supervised learning consists of learning to map input data to known 

targets (also called annotations), given a set of examples (often annotated by humans).  

 

Figure 8. Supervised Learning. [40] 

 
 
 
Classification is a supervised learning task where data have discrete class labels, and the 
machine learning model attempts to predict which category input data belongs to. 
Classification is a subcategory of supervised learning where the goal is to predict  the 

categorical class labels of new instances, based on past observations. Those class labels 

 
3 DOI: 10.13140/RG.2.2.23097.80485 
 

http://dx.doi.org/10.13140/RG.2.2.23097.80485
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are discrete, unordered values that can be understood as the group memberships of the 

instances. [40] 

Classifiers are algorithms used to categorize data into several groups or classes. Classifier 

algorithms are trained using labeled data, and after appropriate training, it can receive 

unlabeled data and will assign classification labels for each data point. 

Classifier algorithms employ complex mathematical and statistical methods to generate 

predictions about the likelihood of a data input being classified as member of a given class. 

Figure 9 shows a binary classifier, which is the simplest classification model and whose 
task is to assign data to one of two available classes. Each training point belongs to one of 
two different classes. The objective is to find a function which, given a new data point, will 
correctly  predict the class the new point belongs to. Some applications of binary 
classifiers are spam and non-spam emails labeling, healthy and cancerous  tissue 
diagnosis, approved and rejected manufactured items, apnea/non-apnea, etc. 

 

 
Figure 9. Binary classification. [40] 

 

When the model must decide between three or more classes the ML task is called a 

multiclass classifier (Figure 10). Each training point belongs to one of N different classes. 

The goal is to construct a function which, given a new data point, will correctly predict the 

class to which the new point belongs to. In multiclass classification, a sample can only have 

one class (i.e., an elephant is only an elephant; it is not also a panther). Handwriting 

character recognition and image classification are representative examples of multiclass 

classification. 
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Figure 10. Multiclass classification. [40] 

 

3.2.1. Machine learning classification algorithms 

 

To diagnose obstructive sleep apnea (OSA), various classification algorithms in Machine 

Learning have been used, which have yielded satisfactory results. These algorithms allow 

accurate identification of OSA from physiological signal data and features extracted from 

them. Some of the most effective classification algorithms for diagnosing OSA are: 

 

3.2.1.1. Logistic Regression 

 

Logistic regression is a widely used algorithm in binary classification. Logistic function or 

sigmoid function, as shown in figure 11, is widely used in binary classification. This logistic 

model is used to estimate the probability of a binary response based on one or more 

independent variables. It allows us to say that the presence of a specific factor increases 

the probability of a given result by a specific percentage. 

Like all regression analyses, logistic regression is a predictive analysis. It is used to describe 

data and explain the relationship between a binary dependent variable and one or more 

nominal, ordinal, interval, or ratio-level independent variables. 

In general, this algorithm can be used for various classification problems, such as spam 

detection, diabetes prediction, whether a given customer will buy a particular product or go 

with the competition, etc. 

It can be effective in detecting OSA by modeling the relationship between data 

characteristics and the probability of an individual suffering from OSA. In the context of this 

work, it will be used to identify data from healthy patients and data from patients suffering 

from obstructive sleep apnea. 
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Figure 11. Logistic function =1/(1+e^(-t)) 

  

In logistic regression, the concept of threshold value is used, which defines the probability 

of 0 or 1. Those values above the threshold tend to 1, and those below the threshold tend 

to 0. Figure 12 shows a binary classification using logistic regression and a default threshold 

value of 0.5. The threshold value is used to map probabilities to class labels. It should be 

noted that threshold moving, which is hyperparameter tuning, is key when dealing with 

imbalanced classification problems. 

 

Figure 12. Logistic regression classification. 4 

  

 
4 https://www.javatpoint.com/logistic-regression-in-machine-learning 
 

https://www.javatpoint.com/logistic-regression-in-machine-learning
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3.2.1.2. Support Vector Machines (SVM) 

 

The classification-regression method Support Vector Machines (SVMs) was developed in 

the 1990s, within the field of computer science, and although it was originally developed as 

a binary classification method, its application has been extended to multiple classification 

and regression problems. SVMs have turned out to be one of the best classifiers for a wide 

range of problems, which is why it is considered one of the references within the field of 

statistical learning and machine learning. [44] 

Support vector machines are derived from maximum margin classifiers, which are used to 

classify perfectly separable data sets. Maximum margin classifiers seek to find a hyperplane 

of separation between classes that optimizes classification and reduces uncertainty when 

predicting a target class. For this, the distance (perpendicular) from each training 

observation to a given separation hyperplane (figure 13) is calculated; the smallest distance 

is the minimum distance from the observations to the hyperplane and is known as the 

margin. The algorithm selects the hyperplane with the maximum margin and classifies the 

test observations according to their position with respect to that hyperplane. [44] 

 

Figure 13. Separating hyperplanes. [44] 

The hyperplane is defined by: 

 

𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 = 0   (3.1) 

 

If a data point 𝑋 = (𝑥1, 𝑥2, … , 𝑥𝑛)𝑇 in n-dimensional space satisfies (3.1), then 𝑿 lies on the 

hyperplane. 

If (3.1) is not satisfied, the vector 𝑿 can be on either side of the hyperplane according to 

equations (3.2) and (3.3), as follows: 

 

𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 > 0       (3.2) 
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𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 < 0        (3.3) 

 

Considering that the observations 𝑦1, 𝑦2, … , 𝑦𝑛  ∈ {−1,1} where -1 represents one class and 

1 the other, it is true that: 

 

𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 > 0     𝑖𝑓 𝑦𝑖 > 0  (3.4) 

 

𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 < 0     𝑖𝑓 𝑦𝑖 < 0   (3.5) 

 

𝑦𝑖 ∗ (𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛) > 0  (3.6) 

Support vectors (figure 14) refer to a subset of the training observations that identify the 

location of the separating hyperplane.  

 

 

  
Figure 14. Support vectors. 5 

Figure 15 shows that for 2-dimensional space the separation hyperplane corresponds to a 

straight line, and for a 3D space is a plane. 

 

 
5 https://la.mathworks.com/discovery/support-vector-machine.html 
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Figure 15. 2D and 3D hyperplane examples. 
6 

The support vector classifier, also called a soft margin classifier, allows itself to misclassify 

some training observations by introducing an error hyperparameter named C. The value of 

this hyperparameter determines the generalization ability of the classifier to label new 

observations. [44] 

The standard SVM algorithm is formulated for binary classification problems; Multiclass 

problems are usually reduced to a series of binary problems. A multiclass classifier for 𝑚 

classes can be implemented with SVM using two fundamental approaches:  

• One-to-One: which breaks down the multiclass problem into multiple binary classification 

problems. A binary classifier per each pair of classes. 

 
𝑚(𝑚−1)

2
 is the required number of classifiers.  

• One-to-Rest: In this approach, the breakdown is set to a binary classifier per class. 𝑚 

different classifiers are needed. 

 

Support Vector Machines with RBF Kernel 

A Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel is one of 
the most powerful classical machine learning algorithms for nonlinear classification and 
regression problems. 

RBF SVM performs extremely well in:  
 

• Image classification.  

• Handwriting recognition.  

• Medical diagnosis.  

 
6 https://towardsdatascience.com/support-vector-machine-introduction-to-machine-learning-algorithms-
934a444fca47 
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• Bioinformatics.  

• Fault detection.  

• Financial classification.  

• Remote sensing.  

• Cybersecurity.  

• Intrusion detection. 
 

The RBF kernel is also known as the Gaussian kernel. 

The kernel is defined as shown in equation 3.7: 

𝐾(𝑥𝑖, 𝑥𝑗) = exp(−𝛾 ∥ 𝑥𝑖 − 𝑥𝑗 ∥2),  𝛾 > 0  (3.7) 

This kernel measures the similarity between two samples 𝑥𝑖and 𝑥𝑗. 

When training a Support Vector Machine (SVM) with a Radial Basis Function (RBF) kernel, 
two key parameters must be considered: C and 𝛾 (gamma). 

• The C parameter, common to all SVM kernels, trades off the misclassification of 
training examples against the simplicity of the decision surface. A low C value makes 
the decision surface smoother, increasing tolerance to errors and improving the 
model’s generalization ability. Conversely, a high C value aims to classify all training 
examples correctly, which reduces the training error rate but increases the risk of 
overfitting. 

• The 𝛾 (gamma) parameter defines the radius of influence of a single training 
example. A larger 𝛾 restricts this influence to a localized area, meaning other data 
points must be very close to be affected. While this allows the model to capture fine 
details, it can also lead to a highly complex decision boundary and increase the risk 
of overfitting.  

 

3.2.1.3. Random Forests 

 
Random Forests (RF) is a supervised machine learning algorithm introduced by Leo 

Breiman in 2001. It belongs to the family of ensemble learning methods, where multiple 

models are combined to produce a more accurate and robust predictor. 

A Random Forest consists of a collection of decision trees trained on randomly generated 

versions of the original dataset. Predictions from individual trees are aggregated to produce 

the final output. 

 

Random forest algorithm combines multiple decision-trees, resulting in a forest of trees, 

hence the name Random Forest. In the random forest classifier, the higher the number of 

trees in the forest results in higher accuracy. The key idea is that many weakly correlated 

trees combined outperform a single decision tree. 

 

Due to the structure (figure 16) of random forest classifiers, it is possible that some classifiers 

correctly predict the target class and others do not; However, it is assumed that most 

classifiers are correct, and the final decision is obtained by majority voting. 
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It is possible that the individual decision trees that make up the random forest overfit the 

training data, but averaging, in the case of regression analysis, or deciding based on 

consensus manages to mitigate this drawback. In this way, a robust classifier is built whose 

constituent elements do not have to be robust. [44] 

 

Figure 16. Random Forest structure. 7 

 

In the case of a random forest, hyperparameters include the number of decision trees in the 

forest and the number of features considered by each tree when splitting a node. 

 

Random Forest pros 

▪ Reduced risk of overfitting: Decision trees run the risk of overfitting, as they tend to 
perfectly fit all samples within the training data. However, when there are a big 
number of decision trees in a random forest, the classifier will not overfit the model, 
since averaging over uncorrelated trees reduces the overall variance and prediction 
error. 
 

▪ Less training time compared to other algorithms. 
 

▪ Flexibility: Feature clustering makes the random forest classifier an effective tool for 
estimating missing values as it maintains accuracy when a portion of the data is 
missing. 

 

▪ It allows determining the importance of characteristics through the Gini index. 
 

Random Forest cons  

▪ Random forests are highly complex compared to decision trees, where decisions 
can be made by following the path of the tree. 
 

 
7 https://www.javatpoint.com/machine-learning-random-forest-algorithm 
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▪ Training time is more than other models due to its complexity. Whenever it must 
make a prediction, each decision tree must generate output for the given input data. 
 

 

3.2.1.4. Soft Voting Ensemble Learning  

 

Machine learning models can be used to solve classification and regression problems in a 

variety of fields, including engineering, medicine, finance, cybersecurity, and industrial 

automation. Despite the powerful performance of individual models, no single model can be 

designed for all datasets and applications. Often, different algorithms capture different 

aspects of the data distribution, and their error profiles differ. To overcome this difficulty, 

ensemble learning techniques have been developed to leverage multiple predictive models 

and make more informed decisions. Of the methods used to solve classification problems, 

voting-based models are the most popular. Soft voting is known to be one of the effective 

methods for combining the predictive capabilities of heterogeneous machine learning 

models and is based on the confidence level of each classifier. Ensemble voting methods 

generally follow one of two strategies: hard voting or soft voting. Hard voting follows the 

"winner-takes-all" rule, in which the final prediction is made by most classifiers. Soft voting 

uses the confidence level of each classifier's prediction. This method sums up the predicted 

probabilities for each class label and provides the label with the highest cumulative 

probability, as shown in Figure 17. 

 

 

 

Figure 17. Soft voting classifier structure. 

 

 

Let us define a multi-class classification problem spanning K different classes,  
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where 𝑦 ∈ {1, 2, … , 𝐾}. For any given target input vector 𝑥, an individual base classifier 𝑚 

(where 𝑚 ∈ {1, 2, … , 𝑀} ) outputs a vector of conditional posterior probabilities: 
 

𝑃𝑚(𝑦 = 𝑘|𝑥), ∀ 𝑘 ∈ {1, 2, … , 𝐾} 

This probability vector is strictly bound by standard Kolmogorov axioms, dictating that all 

individual probabilities must be non-negative and satisfy the sum-to-one constraint: 

∑ 𝑃𝑚(𝑦 = 𝑘|𝑥)             (3.8)

𝐾

𝑘=1

 

Once the aggregated probability for each class is established, the final discrete class label 

assignment 𝑦̂ is selected using the optimal Bayes decision rule via the arg 𝑚𝑎𝑥 operator: 

𝑦̂ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑘𝑃(𝑦 = 𝑘|𝑥)             (3.9) 

3.2.1.5. Ensemble Weighted AUC 

 

Ensemble weighted AUC combines the predictions of multiple individual models (the 

ensemble) and assigns a weight to each model according to its Area Under the Receiver 

Operating Characteristic Curve (AUC). We use the strongest models to improve 

classification performance, robustness and handling of imbalanced datasets. AUC is a 

measure of a model's ability to distinguish between classes with values ranging from 0.5 

(random guess) to 1.0 (perfect prediction). In AUC-Weighted Ensembles the optimization 

strategy is to allocate weights (Wm) to each individual model based on AUC score and to 

weight individual base classifiers by accuracy or average. Although the weights Wm in a soft 

voting ensemble can be obtained through heuristic search, the most effective and 

deterministic algorithm for clinical and classification purposes is to draw weights directly from 

the AUC of the individual model. [46]. Since the AUC measures a classifier's ability to 

discriminate between classes across all possible thresholds, weighting models according to 

their validation AUC ensures superior discriminators dominate the probability fusion. Let 

𝐴𝑈𝐶𝑚 represents the performance of classifier m evaluated on a held-out validation dataset. 

To prevent lower-performing models from degrading the ensemble while rewarding top-

performing models, the normalized weight assignment 𝑤𝑚 is formalized in equation 3.10: 

𝑤𝑚 =
𝐴𝑈𝐶𝑚 − 𝛾

∑ (𝐴𝑈𝐶𝑗 − 𝛾)𝑀
𝑗=1

               (3.10) 

Where 𝛾 represents a baseline performance threshold (typically 𝛾 = 0.5, representing the 

performance of a random guess). If an individual classifier exhibits an 𝐴𝑈𝐶𝑚 ≤ 𝛾, its 

assigned weight is set to zero (𝑤𝑚 = 0), effectively pruning it from the ensemble. 

Integrating this into the weighted soft voting equation yields an Ensemble Weighted AUC 

Strategy, which mathematically prioritizes the probabilistic confidence of the most 

discriminatory base learners. 

Figure 18 illustrates the ensemble weighted AUC process. 
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Figure 18 Weighted AUC voting classifier. 8 

 
 

3.2.1.6. Ensemble Stacking 

 
Ensemble learning is one of the best paradigms in machine learning in which different 
models, which we call "base learners" or "weak learners," are combined to solve a 
computational intelligence problem. The goal of an ensemble is to develop a meta-model 
that can be better generalized and robust than the individual model in the ensemble. While 
ensemble methods such as Bagging (e.g., Random Forests) rely on parallel voting or 
averaging of independent models, and Boosting (e.g., Gradient Boosting Machines) is the 
sequential correction of residual errors, Stacking (sometimes called Stacked Generalization) 
is a very different philosophical approach. Instead of using simple axiomatic functions like a 
majority vote or an algebraic mean to combine predictions from different base learners in 
Stacking, a meta-learning algorithm is trained to find the best way to combine the 
predictions. Unlike voting, stacking does not consider the role of all models equally. Rather 
it learns the best combination from data. 

 
Diversity is the basis of stacking. If the ensemble has models that make the same mistakes 
on the same data points, the ensemble is not gaining any statistical advantage. Stacking 
leverages diversity by mixing different base learners in the system like a support vector 
machine (SVM), a deep neural network, and a gradient-boosted tree. Each algorithm looks 
at the input feature space on its own based on an inductive bias, and therefore it can find a 
different linear or non-linear pattern. The meta-learner is then able to determine the 
operational strengths and weaknesses of these base models in different regions of the 
feature space and decide if the base learner is trustworthy or not trustworthy. [46] 
 
 
 
 

 
8 Gemini AI generated image. 
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Mathematical foundations 
 
Level 0 (Base Models) 

    ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑀(𝑥)        (3.11) 
 

Each model produces: 
 
    𝑧𝑖 = ℎ𝑖(𝑥)            (3.12) 
 

Level 1 (Meta-Learner) 
 
The outputs of base learners become new features: 

 
    𝒁 = [𝑧1, 𝑧2, … . 𝑧𝑀]        (3.13) 
 

A meta-model 𝑔(𝑍) learns: 
𝑦̂ = 𝑔(𝑍)             (3.14) 

 
The final prediction 𝑭(𝑥) is: 

𝑭(𝑥) = 𝑔(ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑀(𝑥))                   (3.15) 
     

The meta-model estimates optimal weights and nonlinear relationships among base 
learners. 
 
The stacking process divides the work into two main training levels as can be seen in figure 
19:  
 
Level 0 Models (Base Models): Several different algorithms are trained using the original 
data (for example, a decision tree, a neural network, a support vector machine, and a logistic 
regression). 
 
Level 1 Model (Meta-model): It takes the predictions generated by the base models and 
learns the best way to combine them to deliver the final output. 
 
Process Phases 
 

• Base training: Level 0 models receive the training data and generate their independent 
output. 
 

• Meta-feature generation: The predictions from the base models are grouped together to 
form a new dataset. 
 

• Final training: The meta-model (level 1) processes this new dataset to correct weaknesses 
and weigh correct predictions. 

 
 



40 
 

 
 

Figure 19. Ensemble stacking algorithm. [47] 

 

3.2.1.7. Artificial neural networks (ANN) 

 

Neural networks are a fundamental part of deep learning and artificial intelligence. Neural 
networks are computer models inspired by the structure and function of the human brain's 
interconnected neurons. Neural networks are layers of artificial neurons (also known as 
nodes or units) and work together to perform sophisticated tasks. 

 
According to figure 20, ANN consists of layers: an input layer, one or more hidden layers, 
and an output layer. The input layer receives the data, the hidden layers process it, and the 
output layer makes the network's final prediction or output. 

 
Activation Functions: Neurons in a neural network use activation functions to introduce non-
linearity in the model. Common activation functions include the sigmoid, ReLU (Rectified 
Linear Unit), and tanh (hyperbolic tangent). These functions are important to the network to 
model complex relationships in data. 

 
Weights and biases: Connections between neurons in different layers have weights and 
biases. Therefore, these parameters are learned as the training process proceeds to train 
the network to make accurate predictions. 
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Figure 20. ANN structure. 9 10 

 
Learning through Backpropagation: Neural networks learn from data by backpropagation. 

The network's predictions are compared to the actual target values during training and errors 

are propagated backward through the network to adjust the weights and biases of the 

network. 

Neural networks excel at pattern recognition. They can automatically learn patterns in data 

and thus are very effective in tasks such as image classification, speech recognition, and 

language translation. 

Another important insight is that neural networks can approximate any continuous function 

theoretically. This makes them very flexible and capable of modeling complex relationships 

in data very well. 

Training deep neural networks is computationally expensive and requires a large amount of 

data. They can also be prone to overfitting, where the model performs well on the training 

data but fails to generalize to new unseen data. 

Neural networks find applications in computer vision, natural language processing, 

recommendation systems, robotics, autonomous vehicles, and many others. They are at the 

heart of many state-of-the-art AI systems. 

  

 
9 https://www.marktechpost.com/2022/09/23/top-neural-network-architectures-for-machine-learning-
researchers/ 
 
10 https://www.ibiblio.org/pub/linux/docs/LuCaS/Presentaciones/200304curso-glisa/redes_neuronales/curso-
glisa-redes_neuronales-html/x38.html 
 

https://www.marktechpost.com/2022/09/23/top-neural-network-architectures-for-machine-learning-researchers/
https://www.marktechpost.com/2022/09/23/top-neural-network-architectures-for-machine-learning-researchers/
https://www.ibiblio.org/pub/linux/docs/LuCaS/Presentaciones/200304curso-glisa/redes_neuronales/curso-glisa-redes_neuronales-html/x38.html
https://www.ibiblio.org/pub/linux/docs/LuCaS/Presentaciones/200304curso-glisa/redes_neuronales/curso-glisa-redes_neuronales-html/x38.html
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3.2.1.7.1. Recurrent neural networks (RNN) 

 

RNNs are a type of neural network architecture (figure 21) designed for sequence data, 

making them well-suited for tasks involving time series data, natural language processing, 

and speech recognition. RNNs have recurrent connections that allow them to maintain a 

hidden state that captures temporal dependencies in the data. However, traditional RNNs 

suffer from the vanishing gradient problem, limiting their ability to capture long-range 

dependencies. More advanced RNN variants, such as Long Short-Term Memory (LSTM) 

and Gated Recurrent Unit (GRU), have been developed to mitigate this issue. 

,

 

Figure 21. Recurrent Neural Network. 11 

 

The Recurrent Neural Network consists of multiple fixed activation function units, one for 

each time step. Each unit has an internal state which is called the hidden state of the unit. 

This hidden state signifies the past knowledge that the network currently holds at a given 

time step. This hidden state is updated at every time step to signify the change in the 

knowledge of the network about the past. The hidden state is updated using equation 3.16. 

 

ℎ𝑡 = 𝑓(ℎ𝑡−1, 𝑥𝑡)                 (3.16)                              

Where: 

ℎ𝑡 is the current state. 

ℎ𝑡−1 is the previous state. 

𝑥𝑡 is the current input. 

 

Pros of RNNs 

▪ Handle sequential data effectively, including text, speech, and time series. 
▪ Process inputs of any length, unlike feedforward neural networks. 
▪ Share weights across time steps, enhancing training efficiency. 

 

Cons of RNNs 

▪ Susceptible to vanishing and exploding gradient problems, hindering learning. 
▪ Training can be challenging, especially for long sequences. 
▪ Computationally slower than other neural network architectures. 

 
 

 
11 https://ailephant.com/glossary/recurrent-neural-network/ 
 

https://ailephant.com/glossary/recurrent-neural-network/
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3.2.1.7.2. Convolutional Neural Networks (CNN) 

 

The CNNs are deep neural networks that are designed for grid-like data processing (e.g., 
images and videos). They are particularly useful for computer vision tasks. CNNs employ 
convolutional layers and automatically learn and gain information on what is the data but 
retain spatial relationships and features. Pooling layers reduce the size of feature maps. 
CNNs have been used in image classification, object recognition, facial recognition, and 
more. They have also been used for non-images, e.g., text and audio. Convolutional Neural 
Networks (CNNs) are a top-of-the-line deep learning model that does indeed automate 
hierarchical feature extraction using complex input data. CNNs are typically used for 
computer vision tasks, but are becoming the state-of-the-art for biomedical signal 
processing, as they do not require human-built feature extraction. In somnology and 
cardiology, CNNs are utilized for the analysis of raw time series data such as single-lead 
electrocardiogram (ECG) and pulse oximetry (SpO₂) data to automatically detect 
pathological conditions such as Obstructive Sleep Apnea (OSA). The basic architecture of 
a CNN (figure) is an input layer, several convolutional and pooling layers and a succession 
of fully connected (dense) layers to generate classification results. In a 1D convolution layer 
for sequence biological signals, learnable filters (kernels) slide over the input temporal array. 
This mathematical operation extracts local patterns like sudden changes in waveform shape, 
changes in the QRS complex or specific transient segments that are affected by respiratory 
events. Writing in 1D form, given a 1D discrete input x and a kernel w of length K, the 
convolution (𝑥 ∗ 𝑤) at a given time is defined by equation 3.17: 

(𝑥 ∗ 𝑤)(𝑡) = ∑ 𝑥

𝐾−1

𝑘=0

(𝑡 − 𝑘) ⋅ 𝑤(𝑘)         (3.17) 

To introduce non-linear mapping capabilities necessary to model complex biological 
phenomena, the output of the convolution is passed through an activation function, with the 
Rectified Linear Unit (ReLU) being the most pervasive choice: 

ReLU(𝑥) = max(0, 𝑥)          (3.18) 

Subsequent pooling layers (typically max pooling) down sample the generated feature 
maps. This step systematically compresses the dimensional footprint, enforces translation 
invariance, and preserves the most salient activations across consecutive segments. Finally, 
the compressed multidimensional tensor is flattened into a 1D vector and funneled through 
fully connected hidden layers. An ultimate activation layer, such as Softmax or Sigmoid, 
yields the formal posterior probabilities required to classify the clinical window. 
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Figure 22. Convolutional neural network structure. 

 

3.2.1.7.2.1. Performance Evaluation Metrics 

 

To objectively evaluate and compare the diagnostic performance of the implemented 

Machine Learning and Deep Learning models, researchers must employ a standardized 

battery of statistical evaluation metrics. These metrics provide a quantifiable measure of 

clinical accuracy and are derived from the foundational elements of the standard confusion 

matrix (figure 23): True Positives (𝑇𝑃), True Negatives (𝑇𝑁), False Positives (𝐹𝑃), and False 

Negatives (𝐹𝑁). 

 

Figure 23. Confusion matrix. 

 

▪ True positives (TP): when the actual value is positive, and the predicted value is also 
positive. 
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▪ True negatives (TN): when the actual value is negative and the predicted is negative 
too. 

 

▪ False positives (FP): when the actual value is negative, but the prediction is positive. 
This is called a type I error. 

 

▪ False negatives (FN): when the actual value is positive, but the prediction is negative. 
This is called a type II error. 

 

A good classification model has high true positives (TP) and true negatives (TN) rates, and 

low false positives (FP) and false negatives (FN) rates. 

From the confusion matrix, the following metrics are defined: 

Accuracy is a measure of how often the classifier makes the correct prediction. It is the 

ratio between the number of correct predictions and the total number of predictions. 

 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
=

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
          (3.19)       

This metric is not appropriate for imbalanced classes and can mislead about the real 

performance of the model. For imbalanced data, when the model predicts that each point 

belongs to the majority class label, the accuracy will be high, but the model is not right. 

Precision or positive predictive value (PPV) calculates how many of the actual positive 

cases the model was able to predict correctly. 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑃
           (3.20) 

Recall or Sensitivity is defined as the number of true positives divided by the total number 

of actual positives. 

𝑹𝒆𝒄𝒂𝒍𝒍 = 𝑺𝒆𝒏𝒔𝒊𝒕𝒊𝒗𝒊𝒕𝒚 =
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑡𝑢𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
              (3.21) 

F1-Score is the harmonic mean of precision and recall and gives a combined idea about 

precision and recall metrics. It is maximum when precision is equal to recall. F1-Score is an 

appropriate evaluation metric when true negatives (TN) rate is high, when FP and FN are 

equally costly and when adding more data does not change the outcome. 

𝑭𝟏 − 𝑺𝒄𝒐𝒓𝒆 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                           (3.22) 

AUC (Area Under the Curve)-ROC (Receiver Operating Characteristic Curve) is a 

graphical approach for displaying the tradeoff between true positive (TP) rate and false 

positive (FP) rate of a classifier. According to Figure 24, the higher the AUC, the better the 

classifier and its ability to distinguish between classes. 
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Figure 24. ROC Curve. [45] 

4. System Development 

 

4.1. Methodology 

 

The development of the obstructive sleep apnea (OSA) classification system followed an 

iterative, experimental process grounded in the classical data science cycle—data 

understanding, data preparation, modeling, and evaluation—adapted for physiological 

signal analysis. The pipeline was implemented in Python using Jupyter Notebook, which 

allowed each stage to be developed, tested, and validated as an independent, reusable 

module before being integrated into the full workflow. 

A central methodological principle applied at every stage of this project was subject-

independent evaluation: whenever the dataset was partitioned—for training, internal 

validation, or testing—the split was performed at the patient (subject) level, never at the 

level of individual 1-minute windows. This choice follows established guidance in the 

literature [24], which shows that random partitioning at the window level can allow windows 

from the same patient to appear in both the training and testing sets, artificially inflating 

reported performance through data leakage. Enforcing subject-level splits at every stage of 

this pipeline, including, critically, the internal train/validation split used for early stopping 

during deep learning training, where this principle was initially overlooked and later corrected 

once its effect on reported performance was identified—was essential to obtaining honest, 

clinically meaningful estimates of model generalization. 

Ten classification approaches were implemented and compared under an identical 

evaluation protocol: three classical machine learning models (Logistic Regression, Support 

Vector Machine with an RBF kernel, and Random Forest), four deep neural network models 

(a Convolutional Neural Network and a Recurrent Neural Network, each trained on two 

different input representations—the raw ECG waveform and a reduced RR-interval/ECG-

derived-respiration (EDR) tachogram, as described in Section 4.3.2), and three ensemble 
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strategies that combine the base models' probabilistic outputs (soft voting, AUC-weighted 

voting, and stacking with a logistic-regression meta-classifier). 

The pipeline was not built in a single pass; several design decisions were revised after 

empirical testing exposed limitations in earlier versions. Signal normalization was initially 

applied at the window level, which discarded amplitude information relative to the rest of the 

recording; this was replaced with a recording-level normalization strategy that preserves that 

relative amplitude context across the full signal. R-peak detection was likewise revised, 

replacing an initial simplified Pan–Tompkins implementation with the NeuroKit2 library, which 

proved more robust to noise. Finally, recognizing that per-minute classification alone could 

not capture the longer temporal structure of apnea episodes, two additions were 

incorporated: temporal-context features (aggregating neighboring one-minute windows) and 

a post-hoc probability-smoothing step applied to the sequence of per-minute predictions. 

Hyperparameter selection for the three classical models was likewise developed iteratively. 

An initial implementation used manually chosen values (e.g., C=1.0 and gamma='scale' for 

the SVM; 300 trees for the Random Forest) without any documented search process, 

despite the project's theoretical framework describing grid search and Bayesian optimization 

as the intended methodology. This gap was identified and corrected by implementing an 

explicit search: an exhaustive grid search for Logistic Regression and randomized search 

for SVM and Random Forest, both evaluated under 5-fold GroupKFold cross-validation—

again partitioned by subject rather than by window, consistent with the subject-independent 

principle applied throughout the pipeline—over the training cohort only, with AUC-ROC as 

the optimization metric. Retraining the three models with the resulting optimal 

hyperparameters and comparing their performance against the original manually chosen 

configuration, on both the internal and external test sets, showed that the search produced 

no meaningful improvement (AUC differences ≤0.007 in either direction). This null result was 

informative rather than a wasted step: it demonstrated that the original values were already 

close to optimal for this dataset, a conclusion that could only be established by performing 

the search rather than assuming it from the theoretical framework alone. 

An analogous, architecture-level search was subsequently applied to the two deep learning 

models built on the RR+EDR tachogram representation (the CNN and RNN variants), which 

had shown the best generalization among the deep models in external validation; the raw-

ECG CNN and RNN were excluded from this search given their already-established poor 

generalization and the disproportionate computational cost of iterating over raw-signal 

architectures. For computational tractability, this search used a single subject-grouped 

train/validation split rather than full cross-validation, together with a reduced training budget 

(10 epochs, early-stopping patience of 3) to evaluate eight randomly sampled architecture 

candidates per model. Critically, each search-phase winner was then retrained from scratch 

under the full training budget (25 epochs, patience of 5) before being considered for 

deployment—a validation step that proved decisive: the optimized CNN architecture 

confirmed a genuine, if modest, improvement over the original manually designed network 

(validation AUC 0.9257 → 0.9306) and was deployed, whereas the RNN architecture 

favored by the reduced-budget search performed worse than the original once retrained 

under the full budget (0.7577 → 0.7167) and was therefore discarded in favor of the original 

design. This outcome illustrates why a reduced-budget search cannot be trusted on its own: 

with a training cohort this size, a short evaluation window is a noisy estimator of an 
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architecture's true potential, and only full-budget retraining can confirm whether an apparent 

improvement is real. 

Finally, because all reported comparisons rest on a single external cohort of 35 subjects, 

pairwise statistical significance testing was carried out to determine which performance 

differences between models could be considered reliable rather than attributable to sampling 

variability. Two complementary tests were applied to every pair among the ten models: 

McNemar's test on paired window-level predictions, and a subject-clustered bootstrap (2000 

resamples of the 35 subjects, with the same resample applied across all models for each 

iteration) comparing AUC differences. The two tests diverged substantially: McNemar's test, 

which treats each of the 12600 one-minute windows as an independent observation, flagged 

the large majority of pairwise comparisons as significant, whereas the subject-clustered 

bootstrap—which correctly accounts for the correlation among windows drawn from the 

same patient—found significant differences in a smaller subset of comparisons. Under the 

statistically appropriate test, Random Forest and the three ensemble strategies formed a 

group with no significant pairwise differences among them, while every member of that group 

significantly outperformed the raw-ECG CNN and RNN. This analysis was treated as the 

authoritative basis for interpreting the project's comparative results, in preference to the 

more liberal window-level test. 

 

4.2. Data preparation 

 

4.2.1. ECG Signal Characteristics and Mechanisms and Relation with OSA 

 

The ECG signal is the electrical manifestation of heart’s contraction activity and can be 

acquired with electrodes on the chest or limbs. It is perhaps the best-known and most widely 

used biomedical signal. Heart rate, in terms of beats per minute, can be easily estimated by 

quantifying the pulses of the electrical signal. 

The ECG signal contains a wealth of information about cardiovascular disorders and 

abnormalities such as ischemia, ventricular hypertrophy, and circulatory problems. 

The electrocardiogram (ECG) is a non-invasive recording of the heart's electrical activity 

obtained through electrodes placed on the body surface. It reflects the sequential 

depolarization and repolarization of the atrial and ventricular myocardium, providing 

essential information about cardiac rhythm, conduction pathways, and autonomic nervous 

system regulation. The ECG waveform consists of several characteristic waves, segments, 

and intervals, each corresponding to a specific electrophysiological event within the cardiac 

cycle. 
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Figure 25. ECG signal. 

Figure 25 illustrates a standard, non-invasive electrocardiogram waveform tracing over 

successive cardiac cycles, highlighting key physiological points (P, Q, R, S, T) and temporal 

intervals. 

Key Components: 

• P Wave: Represents atrial depolarization and contraction (0.1–0.2 mV, lasting 60–80 ms). 

• PQ / PR Segment: Reflects the quiet electrical period during blood transfer from the atria 

to the ventricles (60–80 ms). 

• QRS Complex: Denotes rapid ventricular depolarization and contraction (∼ 1 mV 

amplitude). 

• ST Interval & T Wave: Represent the subsequent period of ventricular electrical potential 

stability (100–120 ms) followed by ventricular relaxation (0.1–0.3 mV, lasting 120–160 ms). 

• RR Interval: The distance between two consecutive R-wave peaks, which forms the basis 

for estimating heart rate and tracking variation. 

Among these measurements, the RR interval is particularly important in biomedical signal 

processing because it captures beat-to-beat fluctuations in cardiac rhythm. Variations in RR 

intervals arise primarily from autonomic nervous system modulation, with sympathetic 

activation shortening the interval (increasing heart rate) and parasympathetic activity 

lengthening it (decreasing heart rate). Consequently, RR interval analysis forms the basis 

for numerous HRV metrics in both the time and frequency domains. 

In sleep medicine, ECG-derived RR intervals have become valuable biomarkers for 

detecting Obstructive Sleep Apnea (OSA). During apnea episodes, intermittent hypoxia and 

repeated arousals produce characteristic autonomic responses, resulting in cyclic variations 

of heart rate. These changes manifest as alterations in RR intervals and HRV features such 

as SDNN, RMSSD, pNN50, LF, HF, LF/HF ratio, total power, VLF, and other derived 
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parameters. Machine learning and deep learning algorithms can exploit these physiological 

alterations to distinguish normal breathing from apnea events, enabling automated OSA 

screening using single-lead ECG recordings. 

Figure 26 compares a normal RR interval signal with another collected during an apneic 

event and shows the way that power spectral density (PSD) is affected by OSA. 

In the presence of an active apnea episode, the heart rate exhibits severe, slow cyclical 

oscillations typically repeating every 25–100 seconds. In the frequency domain, this 

manifests as a massive, distinct, and high-amplitude spectral spike concentrated heavily 

within the Very Low Frequency (VLF) band (∼ 0.01–0.04 Hz). 

In contrast, normal breathing windows exhibit standard, higher-frequency heart rate 

variability. The corresponding spectrum shows significantly lower power spectral density 

amplitudes (maxing out near a PSD of 10–15 compared to the apnea plot's spike near 2200) 

without any dominant low-frequency peak, scattering the energy naturally across the 

baseline physiological bands. [28] 

 

 

Figure 26 OSA frequency impact.12 

 

Overall, the ECG provides a comprehensive representation of the heart's electrical function, 

while its temporal and morphological features offer rich physiological information for 

 
12 Gemini AI improved image. 
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diagnosing cardiovascular diseases and developing intelligent systems for sleep disorder 

detection. RR interval analysis has become one of the most informative and computationally 

efficient approaches for ECG-based obstructive sleep apnea classification.  

The physiological rationale for detecting OSA from a single-lead ECG rests on two well-

documented mechanisms. First, each apnea event triggers a transient surge in sympathetic 

nervous system activity as the airway obstruction resolves, producing a characteristic 

cyclical pattern of bradycardia during the obstructive phase followed by tachycardia upon 

arousal; this cyclical pattern is measurable through heart rate variability (HRV) analysis of 

the RR-interval sequence. Second, the mechanical effort of breathing against an obstructed 

airway, and the accompanying changes in intrathoracic pressure and cardiac electrical axis, 

modulate the amplitude of the R wave in synchrony with the respiratory cycle, allowing an 

ECG-derived respiration (EDR) signal to be estimated without a dedicated respiratory 

sensor. Sustained sympathetic activation and repeated hypoxia-reoxygenation cycles 

associated with untreated OSA are, in turn, established risk factors for cardiovascular 

morbidity, which is the clinical motivation for developing accessible ECG-only screening 

tools. [1] [9] [10] [11] 

Two families of HRV-derived variables were used to characterize each one-minute window: 

time-domain measures (mean RR interval, SDNN, RMSSD, pNN50, mean and standard 

deviation of heart rate, and minimum/maximum RR interval) and frequency-domain 

measures obtained from the power spectral density of the RR-interval series (power in the 

very-low-, low-, and high-frequency bands, their ratio, and total power), consistent with 

standard HRV analysis conventions applied to OSA detection in the reviewed literature. [2] 

 

4.2.2. Obtaining and preparing the data 

 

The system was developed and validated on the Apnea-ECG database (PhysioNet), 

comprising 70898 single-lead ECG recordings sampled at 100 Hz, each divided into 

consecutive one-minute segments with an expert-assigned binary label (apnea / normal 

breathing) for every minute. The database groups recordings into three clinically distinct 

categories: 20 recordings from patients with a confirmed apnea diagnosis (identifiers a01-

a20), 5 recordings from borderline patients with intermediate apnea severity (b01-b05), and 

10 recordings from healthy control subjects with no apnea events (c01-c10). This three-way 

stratification is clinically meaningful and was preserved throughout the modeling process, 

since a model trained only on clearly apneic or clearly healthy subjects would not generalize 

to the borderline cases that are most relevant in a real screening scenario. 

The complete dataset, including training and test subjects, is depicted in table 1. 
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Table 1. Physionet apnea-ECG 2000 database 

 

Each recording in the database was transformed into a MATLAB file pair: one containing the 

raw ECG signal (a one-dimensional array named after the recording identifier) and one 

containing the corresponding per-minute annotation array, encoded with the ASCII values 

65 ('A', apnea) and 78 ('N', normal). A data-loading module was implemented to read both 

files for every recording, validate that the signal and annotation arrays were of compatible 

length, and segment the continuous signal into non-overlapping one-minute windows of 

6000 samples (60 seconds at 100 Hz), each associated with its single-minute label. 

The following are the scripts used to convert the ECG signal from .dat format to MATLAB 

format (.mat) and to convert the text files with the annotations into .mat files: 

x=load('D:\PROYECTO_MAESTRIA\apnea_ecg_database\test_data\x02m.mat'); 
ecg_dig=x.x02m; 
ecg_x02=ecg_dig/200; %Dividiendo por la ganancia 
N=length(ecg_dig); 
 
%Vector tiempo 
 
Fs=100; 
Ts=1/Fs; 
t=(0:1:N-1)*Ts; 
 
plot(t,ecg_x02,'r');grid on;xlabel('t [s]');ylabel('x02(t) [mV]'); 
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axis([0 11 -1 11]); 
vec_x02=ecg_x02; 
x02=vec_x02'; 
 
save('D:\PROYECTO_MAESTRIA\apnea_ecg_database\test_data\x02.mat'); 
%lectura de anotaciones 
clear all 
clc 
[var1 var2 var3]=readvars('annotations_a01.txt'); 
x=var2; 
y=cast(var3,'char'); 
y(1:10) 
y=cast(y,'double'); 
z=[x(1:360) y(1:360)]; 
size(z) 

 

4.2.3. Preprocessing, filtering and feature extraction 

 

Table 2 shows the 70 recordings that make up the dataset with their original recording’s 

length. Due to errors in the capture of some signals, it was decided to shorten all recordings 

to 6 hours, generating vectors of 2,160,000 samples in length. 

 

 

Table 2. Training and test dataset recording length. 

 

Each one-minute window was band-pass filtered with a zero-phase fourth-order Butterworth 

filter (0.5-40 Hz) to remove the baseline wander and high-frequency noise while preserving 

the QRS shape necessary to achieve R-peak detection. We tested two different 
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normalization approaches for the filtered signal. The first is to normalize each one-minute 

window separately to zero mean and unit variance. The amplitude of windows labelled 

apnea is compared with windows labeled normal and the values are shown on a synthetic 

signal with known amplitude difference and on real recordings. We found that the 

normalization of the windows at each time point is not useful for the amplitude information: 

after normalization, the amplitude of the apnea and normal windows are indistinguishable in 

one time since each window's own scale is used to rescale it. This is not a good picture as 

respiratory attenuation of the ECG signal during apnea is a part of the physiological signal 

to be investigated. We thus modified the normalization strategy to calculate the mean and 

standard deviation of the entire recording (reformulated by concatenating its windows) rather 

than the average and standard deviation of the windows individually and preserve the 

relative differences between the amplitude of the different windows in the same recording (a 

better version in terms of the median and interquartile range is available also for recordings 

with independent movement). R-peak detection was performed using the validated ECG 

peak detector of neurokit2, which replaced the easy-to-read summary of the data set from 

Table. With the RR interval sequence obtained, we removed all the very unlikely intervals 

(outside the range of 0.3-2.0 seconds which corresponds to 30-200 bpm), and computed 17 

features for each one-minute window: eight time-domain HRV, five frequency-domain HRV 

measured using Welch's method on a cubic-spline interpolated RR series, three EDR 

measurements obtained from the amplitude of each R peak (mean, standard deviation, and 

dominant frequency in the 0.1-0.5 Hz respiratory band), and the raw R-peak count. We then 

used a correlation-based feature selection step that extracted any features that were already 

almost identical to other ones and found that 2 features (n_peaks and total_power) were 

redundant with the high-frequency power and mean heart rate, leading to 15 variables. A 

mutual information ranking against the target class was also computed to support the 

interpretability analysis (Figure 27). 

 

Furthermore, because many OSA episodes aren’t limited to a minute, we have augmented 

each window’s feature vector with the corresponding feature vectors of its immediately 

preceding and following minutes (a context size of one minute in each direction), keeping 

the recording boundaries so that two different patients' data are never combined. This has 

enabled us to increase the feature space from 15 to 45. This is the single largest 

improvement in classification performance we have achieved in this work, in line with the 

general finding in the OSA-detection literature that context around each segment of 

classification is helpful to distinguish between apnea and normal breathing. [17] [34] 
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Figure 27 Feature selection summary. 

 

4.2.3.1. Family 1: Time-Domain HRV Metrics (8 features) 

 

These measures quantify the beat-to-beat variability of the heart rate based on raw RR 

intervals (the time elapsed between two consecutive R-waves, expressed in seconds). 

Collectively, they reflect the dynamic balance between the sympathetic and parasympathetic 

branches of the autonomic nervous system (ANS). 

 

4.2.3.1.1. mean_RR (Mean RR Interval)  

 

Formula: mean(𝑅𝑅𝑖) 
 
Unit: Seconds (s) 
 
Physiological Meaning: The average duration of cardiac cycles within the 
observation window; mathematically, it is the inverse of the mean heart rate. Clinical 
bradycardia shifts mean_RR higher, whereas tachycardia drives it lower. 
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Relevance to Apnea: Obstructive sleep apnea (OSA) triggers an initial reflex 
bradycardia (vagal stimulation induced by acute hypoxemia), followed by 
compensatory tachycardia upon the resumption of breathing. A one-minute window 
captures the net outcome of this cyclic disruption. 

 

4.2.3.1.2. sdnn (Standard Deviation of NN Intervals) 

 

Formula: std(𝑅𝑅𝑖) (calculated using normal-to-normal 'NN' intervals, free of 
artifacts).  
 
Unit: Seconds (s) or milliseconds (ms)  
 
Physiological Meaning: The most comprehensive global metric of Heart Rate 
Variability (HRV). It encapsulates overall autonomic activity and total variability 
without distinguishing between specific frequency components. 
 
Relevance to Apnea: Repetitive apneic episodes profoundly alter cardiac rhythms. 
sdnn can increase significantly due to wide bradycardia-tachycardia oscillations or 
conversely decrease if prolonged hypoxic stress saturates and blunts autonomic 
responsiveness.  

 

4.2.3.1.3. rmssd (Root Mean Square of Successive Differences)  

 

Formula: √mean((𝑅𝑅𝑖+1 − 𝑅𝑅𝑖)2)  

 
Unit: Seconds (s) or milliseconds (ms)  
 
Physiological Meaning: Quantifies short-term, high-frequency variations between 
consecutive heartbeats. It serves as a robust, primary marker of parasympathetic 
(vagal) tone. 
 
Relevance to Apnea: Apneic events suppress vagal activity during the airway 
occlusion, followed by a sharp vagal rebound upon micro-arousal and breathing 
recovery. rmssd is highly sensitive to these rapid, successive fluctuations. 

 
 

4.2.3.1.4. pnn50 (Proportion of NN50)  

 

Formula:         
count(|𝑅𝑅𝑖+1−𝑅𝑅𝑖|>0.05 s)

𝑁
 

 
Unit: Dimensionless (expressed as a proportion in [0,1] or as a percentage). 

 
Physiological Meaning: A discrete counterpart to rmssd that measures 
parasympathetic modulation by capturing the percentage of consecutive heartbeats 
that vary by more than 50 ms.  
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Relevance to Apnea: Healthy individuals exhibit high baseline pnn50 values during 
sleep. During an apnea event, sympathetic dominance diminishes beat-to-beat 
variability, causing a measurable drop in pnn50. 
 

4.2.3.1.5. mean_HR (Mean Heart Rate)  

 

Formula:    
60

mean(𝑅𝑅𝑖)
  

 
Unit: Beats per minute (bpm)  

 
Physiological Meaning: The average heart rate calculated over the one-minute 
epoch.  

 
Relevance to Apnea: Sleep apnea is frequently tied to an elevated mean heart rate 
driven by hypoxemia and cortical arousals. Although it shares an inverse relationship 
with mean_RR, machine learning models often benefit from including both because 
the reciprocal transformation is non-linear, allowing algorithms to map features more 
effectively.  

 
 
4.2.3.1.6. sdhr (Standard Deviation of Heart Rate)  

 

Formula: std (
60

𝑅𝑅𝑖
)  

 
Unit: Beats per minute (bpm)  
 
Physiological Meaning: Quantifies instantaneous heart rate variability, 
acting as a complement to sdnn within the bpm domain.  
 
Relevance to Apnea: Apneic episodes induce large-amplitude, cyclic 
variations in heart rate (CVHR). sdhr directly captures the magnitude of these 
wide bpm swings. 

 
 

4.2.3.1.6. min_RR (Minimum RR Interval)  

 
Unit: Seconds (s)  
 
Physiological Meaning: The shortest RR interval recorded within the 
minute, corresponding to the peak instantaneous heart rate.  
 
Relevance to Apnea: The termination of an apnea event is accompanied by 
an autonomic "startle response" (sympathetic surge), yielding a burst of rapid 
heartbeats that causes a sharp drop in min_RR.  
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4.2.3.1.7. max_RR (Maximum RR Interval)  

 
Unit: Seconds (s)  
 
Physiological Meaning: The longest RR interval recorded within the minute, 
corresponding to the slowest instantaneous heart rate.  
 
Relevance to Apnea: Prolonged breath-holding triggers a hypoxic vagal 
reflex, manifesting as a pronounced deceleration in heart rate and an 
elongated max_RR. Together with min_RR, it defines the dynamic range of 
cardiac variation during respiratory stress. 

 
 

4.2.3.2. Family 2: Frequency-Domain HRV Metrics (5 features) 

 
These features are extracted from the Power Spectral Density (PSD) of the RR interval 
series. To ensure mathematical validity, the raw, irregularly sampled RR intervals are 
uniformly resampled at 4 Hz using cubic spline interpolation, and the spectrum is estimated 
using Welch's method. Each frequency band maps to distinct physiological mechanisms.  
 
 

4.2.3.2.1. vlf (Very Low Frequency Power)  

 

Formula: ∫ PSD
0.04

0.0033
(𝑓) 𝑑𝑓  

 
Physiological Meaning: Captures long-period, slow-acting homeostatic 
mechanisms, including thermoregulation, peripheral vasomotor activity, the 
renin-angiotensin-aldosterone system, and slow circadian rhythms.  
 
Relevance to Apnea: During sleep apnea, vlf power rises substantially as 
systemic hypoxemia recruits slow-acting, compensatory humoral and 
sympathetic vasoconstrictive pathways. 
 

4.2.3.2.2. lf (Low Frequency Power)  

 

Formula: ∫ PSD
0.15

0.04
(𝑓) 𝑑𝑓  

 
Physiological Meaning: A mixed frequency band heavily dominated by 
baroreflex activity and sympathetic tone, with a secondary contribution from 
the parasympathetic system.  
 
Relevance to Apnea: The repetitive sympathetic surges linked to post-
apneic micro-arousals manifest as a massive amplification of power in the LF 
band. Consequently, if stands out as one of the most robust predictors in 
HRV-based apnea detection models. 
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4.2.3.2.3. hf (High Frequency Power)  

 

Formula: ∫ PSD
0.40

0.15
(𝑓) 𝑑𝑓  

 
Physiological Meaning: Strongly modulated by Respiratory Sinus 
Arrhythmia (RSA), making it a pure, established marker of parasympathetic 
(vagal) activity associated with normal, unobstructed breathing.  
 
Relevance to Apnea: During undisturbed breathing, hf power remains 
elevated. When an obstructive event occurs, RSA is abolished by the 
cessation of airflow, causing hf power to collapse. This dramatic drop 
provides clean discriminative power for classification models.  

 
 

4.2.3.2.4. lf_hf_ratio (LF/HF Ratio)  

 

Formula: 
lf

hf+𝜖
 (where 𝜖 represents a small zero-guard value)  

 
Physiological Meaning: The classical index used to evaluate 
sympathovagal balance, where elevated values signal sympathetic 
dominance.  
 
Relevance to Apnea: The simultaneous surge in sympathetic activity (lf) and 
withdrawal of vagal activity (hf) during an apnea event shifts the autonomic 
equilibrium, resulting in a pronounced spike in the lf_hf_ratio.  

 
 

4.2.3.2.5. total_power (Total Spectral Power)  

 
Formula: vlf + lf + hf (integrated across the entire spectrum, typically ≤

               0.40 Hz) 
 
Physiological Meaning: Represents the net variance or total energy of the 
HRV signal within the specified timeframe.  
Relevance to Apnea: total_power effectively quantifies the overall 
magnitude of autonomic stress and the broad fluctuations induced by sleep-
disordered breathing. 

 
 

4.2.3.3. Family 3: ECG-Derived Respiration (EDR) Features (3 Features) 

 

4.2.3.3.1. ECG-Derived Respiration (EDR) Signal Rationale 

 
The ECG-Derived Respiration (EDR) signal provides an indirect estimation of a patient's 
respiratory activity without requiring a dedicated respiratory sensor. This technique 
leverages the physiological reality that respiration mechanically modulates the cardiac 
electrical axis and the relative distance between the heart and surface electrodes. 
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During inhalation, variations in intrathoracic pressure and changes in the cardiac electrical 
axis cause a shifting of the heart relative to the surface electrodes, which modulates the 
amplitude of the R wave. Conversely, exhalation reverses this mechanical shift, altering the 
signal amplitude in the opposite direction. By tracking and sampling these peak R-wave 
amplitudes or measuring the geometric shifts within a narrow window centered on the R 
peak across successive heartbeats, a continuous respiratory waveform can be effectively 
reconstructed. 
 

4.2.3.3.2. edr_mean — Mean of the Centered EDR Series 

 
Formula: 

edr_mean =
1

𝑁
∑(𝑅𝑖 − 𝑅̅)

𝑁

𝑖=1

 

(Where 𝑅𝑖 is the R-peak amplitude of the 𝑖-th beat, and 𝑅̅ is the mean 
amplitude across the window.) 
 
Clinical Meaning: This is a residual metric. By centering the EDR series 
around its mean (average), the value should ideally hover near zero in a 
stable, non-trending signal. Deviations from zero typically capture R-peak 
detector biases or residual low-frequency baseline drift. 

 
Diagnostic Relevance: While its individual discriminatory power is modest, 
a fluctuating or offset mean frequently reflects sustained respiratory artifacts 
or baseline instability induced by the severe postural shifts characteristic of 
obstructive apnea events. 

 
 

4.2.3.3.3. edr_std — Standard Deviation of the EDR Series 

 
Clinical Meaning: This metric quantifies the overall variability of the R-wave 
amplitude modulation within a given one-minute window. Under normal 
physiological conditions, a robust EDR signal exhibits relatively stable, 
constant amplitude modulation. Apneic events fundamentally disrupt this 
homeostatic rhythm. 

 
Diagnostic Relevance: The behavior of edr_std serves as a critical indicator 
of apnea type: 

 
Obstructive Apnea: The patient's paradoxical efforts to breathe against a 
collapsed airway generate exaggerated intrathoracic pressure swings, 
causing the R-wave amplitude modulation—and consequently edr_std—to 
spike significantly. 
 
Central Apnea: Because the central nervous system temporarily ceases 
respiratory drive, mechanical chest movements vanish entirely, driving the 
EDR modulation down to near-zero levels. 
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4.2.3.3.4. edr_dom_freq — Dominant EDR Frequency (𝟎. 𝟏–𝟎. 𝟓 Hz) 

 
Formula: 

edr_dom_freq = arg max
𝑓∈[0.1,0.5]

(PSD(𝑓)) 

(Calculated using Welch’s Periodogram Method on the EDR series 
resampled to 4 Hz.) 

 
Clinical Meaning: This represents the patient's estimated respiratory rate 
expressed in Hertz. Normal adult resting respiration typically falls within the 
0.20–0.28 Hz window, which translates to roughly 12–17 breaths/minute. 

 
Diagnostic Relevance: During an apnea episode, normal breathing ceases, 
erasing the distinct physiological peak within this spectral band. The dominant 
frequency subsequently fractures or shifts dramatically outside the expected 
range. Machine learning models easily train on these anomalous boundaries, 
identifying values clustering tightly at the absolute limits (0.1 Hz or 0.5 Hz) as 
hallmarks of respiratory distress. 

 
 

4.2.3.4. Family 4: Cardiac Event Count (1 Feature) 

 

4.2.3.4.1. n_peaks — Detected R-Peak Count 

 
Definition: The absolute number of R-peaks identified within the one-minute 
window using the neurokit2 QRS detection algorithm. 
 
Clinical Meaning: This count serves as a direct, untransformed integer 
approximation of the patient's heart rate in beats per minute (bpm). Under 
standard physiological conditions, this value typically ranges between 40 and 
180 bpm. 
 
Diagnostic Relevance: The feature serves two primary analytical purposes: 
 

• Signal Quality Guardrail: Windows presenting extreme or non-
physiological peak counts (e.g., < 30 or > 180 bpm) indicate the 
presence of severe motion artifacts, electrode detachment, or 
transient signal loss. When these thresholds are breached, the 
mathematical integrity of all downstream Heart Rate Variability (HRV) 
metrics becomes compromised. 

 

• Raw Heart Rate Baseline: It provides a raw, discrete metric of overall 
heart rate, mirroring the behavior of mean_HR without any statistical 
transformation. 
 
Implementation Note on Feature Redundancy: 
Because n_peaks is nearly perfectly correlated with mean_HR (𝑟 ≈
0.97), feature selection modules routinely drop it to prevent 
multicollinearity and optimize model training. However, it is explicitly 
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retained during the initial extraction phase because it functions as an 
invaluable data-cleaning flag: any window where n_peaks < 30 or 
n_peaks > 180 can be automatically isolated and discarded from the 
diagnostic pipeline. 

 
 
The Pearson Correlation Matrix in figure 28 quantifies the linear relationships among 17 
extracted physiological features for obstructive sleep apnea (OSA) classification. Correlation 
coefficients are -1 (perfect negative correlation) to +1 (perfect positive correlation) and close 
to 0 (little or no linear correlation). 
 
The matrix shows many groups of highly correlated features, which indicates that some 
different variables have similar physiological information. Mean HR and n peaks have the 
test positive correlation (r = 0.95), which implies that the number of R-peaks is related to the 
average heart rate. Similarly, hf and total power show very high positive correlation (r = 0.93), 
meaning that high-frequency spectral component plays a major role in the overall HRV 
power. There are also very high positive correlations between traditional HRV features, i.e. 
sdnn, rmssd and pnn50 which are known to be associated with autonomic nervous system 
activity and heart rate variability. Likewise, lf is strongly related to hf (r = 0.65) and total power 
(r = 0.86), which is expected because these features are related spectral components of 
HRV. 
 
There are several inverse correlations shown in the matrix. The most notable is between 
mean HR and mean RR (r = -0.67) indicating the physiological inverse relationship between 
heart rate and RR interval. There are negative correlations between sdhr and min RR (r = -
0.69) and mean RR and n peaks (r = -0.66) that are expected and indicate the dependence 
of the HR parameters on cardiac timescales. However, respiratory features (edr_mean, 
edr_std and edr_dom_freq) are generally weak in many HRV variables. These features 
would provide respiratory information as well as cardiac information, which is a very useful 
feature to add to the classification model. 
 
To further improve the correlation analysis, the following features were removed. Features 
with extremely high redundancy such as n peaks and total power were removed as they 
already contribute information to mean HR and hf. Removing these redundant variables 
decreases multicollinearity, simplifies the model and significantly reduces computing 
complexity without affecting the predictive performance as well. In general, the Pearson 
Correlation Matrix shows that while many HRV features are naturally related due to their 
origin in biology, together with some other variables, they provide complementary 
information. This dynamic of correlated and independent features is a good basis for building 
accurate and efficient machine learning models for obstructive sleep apnea detection. 



63 
 

 

Figure 28 Pearson correlation matrix. 

 

4.3. Implementation of models 

 

4.3.1. Machine Learning Models 

 

The dataset presents a class imbalance of 35.6% / 64.4% (apnea / normal) across the full 

training cohort (a01–c10, 12600 one-minute windows, 35 subjects). Because the train/test 

split is performed at the subject level (section 4.1) rather than by random window sampling, 

the resulting partitions do not preserve this exact ratio: the training partition (26 subjects, 

9360 windows) has a prevalence of 34.3% / 65.7%, while the held-out internal test partition 

(9 subjects, 3240 windows) has a prevalence of 39.4% / 60.6% (1278 apnea windows). This 

difference is an expected consequence of subject-level partitioning—rather than an 

inconsistency—and is the figure that should be used when interpreting the internal-test 

confusion matrices reported for Logistic Regression, SVM-RBF, and Random Forest.  
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4.3.1.1. Classification with Support Vector Machines (SVM) 

 

A Support Vector Machine with a radial basis function (RBF) kernel was implemented (C = 

1.0, gamma = 'scale', probability estimates enabled to allow ROC-curve analysis and 

participation in the ensemble strategies discussed in Section 4.4.4). The RBF kernel was 

selected for its capacity to model non-linear decision boundaries in the HRV/EDR feature 

space without requiring an explicit feature-transformation step, an approach consistent with 

prior comparative studies of machine learning classifiers applied to ECG-derived features 

for OSA detection. [14] [28] 

 

4.3.1.2. Classification with Random Forests 

 

A Random Forest classifier with 300 trees, unrestricted maximum depth, and a minimum of 

two samples per leaf was implemented. Beyond its classification role, the Random Forest 

provides a natural, model-intrinsic feature-importance measure, which was exploited in the 

explainability analysis of Section 4.4.4 through SHAP's TreeExplainer. The use of tree-

ensemble methods for OSA severity and event classification from ECG-derived features is 

well represented in the literature reviewed for this work. [25] [37]  

 

4.3.1.3. Classification with Logistic Regression 

 

An L2-regularized Logistic Regression classifier (maximum 2,000 iterations) was 

implemented as an interpretable linear baseline. Unlike the RBF-kernel SVM and the 

Random Forest, its coefficients admit a direct interpretation: the sign and magnitude of each 

coefficient indicate whether, and how strongly, the corresponding HRV/EDR feature 

increases or decreases the estimated probability of apnea, which was used in the cross-

model explainability comparison of Section 4.4.4. 
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4.3.1.4. Hyperparameters Optimization 

 

Table 3 summarizes the hyperparameter optimization strategy for the three conventional 

machine learning classifiers. Logistic Regression was optimized using a grid search over 

6 candidate values of the regularization parameter C. SVM-RBF used random search with 

log-uniform sampling for C and the kernel coefficient γ and evaluated 15 candidate 

configurations. Random Forest used random search over the number of estimators, the 

depth of trees, the minimum number of samples per leaf, and the number of features that 

were considered at each split. 11 of the 25 initially planned configurations were evaluated 

(reduction note). Overall, the table shows a systematic but computationally controlled 

hyperparameter optimization approach, with more random search for more complex models.

 

Table 3. Hyperparameter optimization strategy. 

 

Table 4 displays the hyperparameter optimization results for the three conventional machine-

learning models using a 26-subject cross-validation scheme. For each classifier, the original 

manually selected configuration is compared with the best configuration identified through 

the search procedure, together with the resulting cross-validated AUC (CV-AUC). 

 

The optimization identified C = 0.01 as the best regularization parameter for Logistic 

Regression, yielding a CV-AUC of 0.8306. For SVM-RBF, the optimized parameters were 

C = 2.538 and γ = 0.0068, resulting in the highest CV-AUC among the three models (0.8734). 

Random Forest achieved a CV-AUC of 0.8466 with 407 estimators, a maximum depth of 

10, a minimum of 9 samples per leaf, and max_features = log2. Summarizing, the results 

demonstrate that systematic hyperparameter optimization provides well-defined 

configurations for subsequent model training and evaluation, with SVM-RBF exhibiting the 

strongest cross-validated discrimination among the evaluated conventional classifiers.  
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Table 4. Hyperparameters optimization results. 

 

4.3.2. Deep Learning Models 

 

Two deep learning architectures, a Convolutional Neural Network (CNN) and a Recurrent 

Neural Network (RNN) built on bidirectional LSTM layers, were each implemented under 

two alternative input representations of the one-minute ECG window, to isolate the effect of 

input representation from the effect of model architecture. 

 

4.3.2.1. Classification with Convolutional Neural Networks (CNN) 

 

The raw-signal CNN receives the full 6,000-sample preprocessed waveform as a single-

channel input and processes it through three one-dimensional convolutional blocks (32, 64, 

and 128 filters, with kernel sizes of 11, 7, and 5 respectively), each followed by batch 

normalization and progressive max-pooling, then global average pooling, a dropout layer, 

and a dense layer before a final sigmoid output. 

An alternative, substantially lighter CNN receives a reduced two-channel representation 

instead of the raw waveform: an RR-interval tachogram and an ECG-derived respiration 

(EDR) signal, each linearly interpolated onto a fixed grid of 240 points per minute (equivalent 

to a 4 Hz sampling rate) and channel-wise standardized. This representation reduces the 

input dimensionality by a factor of 25 relative to the raw waveform (480 values instead of 

6,000) and restricts the network's input to variables already known, from the HRV/EDR 

literature, to be physiologically relevant to apnea, rather than requiring the network to 

discover this relevance unsupervised from the full waveform — an approach broadly 

consistent with feature-informed deep learning designs for single-lead ECG apnea 

detection. [15] [25] [32] 

The motivation for implementing this second representation was diagnostic: the initial raw-

signal CNN exhibited a critical training failure, with near-zero sensitivity and a negative 

Matthews correlation coefficient on the full 35-subject test set, indicating that the model had 
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failed to learn a decision boundary related to the target class at all. Two causes were 

identified and corrected (detailed further as part of the RNN discussion below, since both 

architectures shared the same input pipeline and training procedure): an interaction between 

record-level signal normalization and the raw-waveform CNN input, and a non-

representative internal validation split used for early stopping. Once corrected, the raw-

signal CNN reached usable, non-degenerate performance; the RR+EDR representation 

subsequently provided a substantial further improvement, discussed quantitatively in 

Section 4.4.2. 

 

4.3.2.2. Classification with Recurrent Neural Networks (RNN) 

 

The raw-signal RNN receives the same 6000-sample single-channel waveform as the raw-

signal CNN. Because feeding a sequence of this length directly into recurrent layers is 

computationally impractical and prone to poor gradient propagation, two strided one-

dimensional convolutional layers first decimate the sequence length before it is passed to 

two bidirectional LSTM layers (64 and 32 units respectively), followed by dropout and a 

dense layer prior to the sigmoid output. The RR+EDR variant, given its already short 240-

step input sequence, dispenses with the decimation layers and applies two bidirectional 

LSTM layers (32 and 16 units) directly to the two-channel tachogram, followed by the same 

dropout, dense, and sigmoid output structure. Both variants are trained with class-weighted 

binary cross-entropy loss, the Adam optimizer, early stopping monitored on validation AUC, 

and learning-rate reduction on plateau — consistent with recurrent and hybrid CNN-LSTM 

approaches to single-lead ECG apnea detection reported by Almutairi, Hassan, and Datta 

(2021). 

As with the CNN, the initial raw-signal RNN exhibited a severe training failure (zero 

sensitivity, AUC below 0.65) on the full dataset. Diagnostic analysis traced this to two 

compounding causes. First, both raw-signal networks received their input from the record-

level-normalized signal introduced in Section 4.2.3 to preserve amplitude information for the 

tabular HRV/EDR features; while beneficial for those features, this same normalization 

produces substantially different amplitude scales across different one-minute windows of the 

same recording (a quiet segment versus a noisy one), which destabilizes training of a fixed-

architecture network expecting a consistent input scale. Second, the internal train/validation 

split used to monitor early stopping and learning-rate reduction selected the last 15% of the 

training array by raw order rather than by a random, class-stratified draw; because windows 

are concatenated recording by recording, this validation subset could be dominated by one 

or two specific recordings with an atypical class distribution, providing a misleading signal 

to the stopping criterion and allowing it to lock in a degenerate all-negative solution. Both 

issues were corrected: the raw-signal CNN and RNN were given their own window-level-

normalized input, computed independently of the record-level normalization used elsewhere 

in the pipeline, and the internal validation split was replaced with a random, class-stratified 

partition. Following these corrections, both networks learned non-degenerate, class-

sensitive decision boundaries, as quantified in Section 4.4.2. 
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4.4. Evaluation and Discussion of Results 

 

All results reported in this section correspond to the complete 35-recording dataset (12,600 

one-minute windows), evaluated on a held-out, subject-independent test partition (25% of 

recordings, none of which contributed any window to model training). 

The contextual approach (t-1, t, t+1) enables the model to capture the dynamic behavior of 

apneic events and the way OSA affects ECG and EDR signals. 

 

4.4.1. Performance of Machine Learning Models 

 

Figure 29 and table 5 highlights distinct trade-offs in diagnostic accuracy and predictive 

behavior among the classical machine learning models. 

Considering Apnea as the positive class and normal as the negative class, the 

corresponding confusion matrix values were determined for each of the classical 

classification models developed in this study: 

 

 

Figure 29. Confusion Matrices of Machine Learning Models. 

 

• Logistic Regression metrics (TP = 996, TN = 1663, FP = 299, FN = 282): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

996 + 1663

3240
= 0.8207 (82.07%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

996

996 + 299
= 0.7691 (76.91%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

996

996 + 282
= 0.7793 (77.93%) 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1663

1663 + 299
= 0.8476 (84.76%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.7691 × 0.7793

0.7691 + 0.7793
= 0.7742 (77.42%) 

 

 

• SVM-RBF metrics (TP = 883, TN = 1814, FP = 148, FN = 395): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

883 + 1814

3240
= 0.8324 (83.24%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

883

883 + 148
= 0.8564 (85.64%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

883

883 + 395
= 0.6909 (69.09%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1814

1814 + 148
= 0.9245 (92.45%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.8564 × 0.6909

0.8564 + 0.6909
= 0.7647 (76.47%) 

 

• Random Forests metrics (TP = 880, TN = 1830, FP = 132, FN = 398): 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

880 + 1830

3240
= 0.8364 (83.64%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

880

880 + 132
= 0.8695 (86.95%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

880

880 + 398
= 0.6886 (68.86%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1830

1830 + 132
= 0.9327 (93.27%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.8695 × 0.6886

0.8695 + 0.6886
= 0.7685 (76.85%) 
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Table 5. Classical Machine Learning Algorithms Performance. 
 

According to table 5, Random Forest achieved the highest overall accuracy (83.6%, 95% 
Wilson CI: [0.823, 0.849]), precision (87.0%), specificity (93.3%), Cohen’s kappa (𝜿 =
𝟎. 𝟔𝟒𝟓), and AUC (0.927, 95% CI: [0.918, 0.935]), closely followed by SVM_RBF (83.2% 
accuracy, 0.923 AUC). 

As far as sensitivity/specificity trade-off, Non-linear classifiers (Random Forest and 

SVM_RBF) demonstrated superior specificity (≥ 92.5%) and lower false positive rates (𝐹𝑃 =

132 and 148, respectively) but experienced a noticeable drop in recall (≈ 69%). 

Contrarily, Logistic Regression maintained a more balanced sensitivity profile, yielding the 

highest recall (77.9%, 𝑇𝑃 = 996) and highest F1-Score (0.774), albeit with lower specificity 

(84.8%) and a higher false positive count (𝐹𝑃 = 299). 

SVM_RBF and Random Forest showed a good discrimination ability with tight 95% AUC 

confidence intervals exceeding 0.910, reflecting stable classification boundary estimations 

across test instances. 

 
Performance of Deep Learning Models 

 

Figure 30 shows the confusion matrices for the implemented deep learning models and table 

3 evaluate and compare the performance of four deep learning configurations for classifying 

binary respiratory states (Normal vs. Apnea). The models include baseline architectures 

(CNN and RNN) and enhanced variants that incorporate both RR intervals and ECG-derived 

respiration data (CNN_RREDR and RNN_RREDR.  

 

Figure 30. Confusion Matrices of Deep learning Models. 
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• CNN metrics (TP = 813, TN = 1133, FP = 829, FN = 465): 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

813 + 1133

3240
= 0.6006 (60.06%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

813

813 + 829
= 0.4951 (49.51%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

813

813 + 465
= 0.6361 (63.61%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1133

1133 + 829
= 0.5774 (57.74%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.4951 × 0.6361

0.4951 + 0.6361
= 0.5568 (55.68%) 

 

• RNN metrics (TP = 1049, TN = 599, FP = 1363, FN = 229): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

1049 + 599

3240
= 0.5086 (50.86%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

1049

1049 + 1363
= 0.4349 (43.49%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

1049

1049 + 229
= 0.8208 (82.08%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

599

599 + 1363
= 0.3053(30.53%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.4349 × 0.8208

0.4349 + 0.8208
= 0.5685 (56.85%) 

 

 

• CNN_RREDR metrics (TP = 1013, TN = 1635, FP = 327, FN = 265): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

1013 + 1635

3240
= 0.8172 (81.72%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

1013

1013 + 327
= 0.7559 (75.59%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

1013

1013 + 265
= 0.7926 (79.26%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1635

1635 + 327
= 0.8333 (83.33%) 
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.7559 × 0.7926

0.7559 + 0.7926
= 0.7738 (77.38%) 

 

 

• RNN_RREDR metrics (TP = 902, TN = 1462, FP = 500, FN = 376): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

902 + 1462

3240
= 0.7296 (72.96%) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

902

902 + 500
= 0.6433 (64.33%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

902

902 + 376
= 0.7057 (70.57%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1462

1462 + 500
= 0.7451 (74.51%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.6433 × 0.7057

0.6433 + 0.7057
= 0.6730 (67.3%) 

As demonstrated in Table 6, the integration of ECG-Derived Respiration (EDR) data with 
standard RR-interval metrics yields a substantial and systematic improvement across all 
evaluation parameters: 

 

 

Table 6. Performance of the CNN and RNN architectures vs CNN_RREDR AND RNN_RREDR. 

 

Table 6 summarizes the quantitative performance across the evaluated architectures CNN, 

RNN, CNN_RREDR, and RNN_RREDR based on standard evaluation metrics and 

confusion matrix components (TN, FP, FN, and TP). 

The CNN_RREDR model achieved the highest performance across almost all evaluated 

parameters, attaining an overall accuracy of 81.7% (95% Wilson CI: [0.804, 0.830]), 

precision of 75.6%, specificity of 83.3%, and an F1-score of 0.774. Furthermore, it 

demonstrated strong inter-rater agreement with a Cohen's kappa (𝜅) of 0.621 and 

outstanding class separability with an AUC of 0.910 (95% CI: [0.891, 0.911]). 

While the baseline RNN yielded a high recall (82.1%, 𝑇𝑃 = 1049), its low specificity (30.5%) 

and high false positive rate (𝐹𝑃 = 1363) resulted in poor overall precision (43.5%) and weak 

reliability (𝜅 = 0.109). Applying RREDR effectively rebalanced the sensitivity-specificity 

trade-off, elevating specificity to 74.5% and 𝜅 to 0.443 in the RNN_RREDR model. 
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These empirical results confirm that the RREDR enhancement substantially boosts 

classification performance over baseline architectures. Integrating RREDR into the CNN 

framework optimizes the balance between sensitivity and specificity, significantly enhancing 

model robustness and feature discrimination for this task. For the convolutional network 

(CNN vs. CNN_RREDR), accuracy improved by 21.6 percentage points (from 60.1% to 

81.7%), while the AUC increased from 0.565 to 0.910. False positive counts dropped 

significantly from 829 to 327. 

For the recurrent network (RNN vs. RNN_RREDR), accuracy rose by 22.1 percentage 

points (from 50.9% to 73.0%), and the AUC expanded from 0.581 to 0.800. 

 

4.4.2. Performance of Ensemble Models 

 

The ensemble models are composed of 3 classical models (Logistic Regression, SVM_RBF 

and Random Forest), the 2 base neural network models (CNN and RNN) that process raw 

ECG signal and the 2 enhanced neural network models (CNN_RREDR and RNN_RREDR) 

that incorporate the derived respiratory signal (EDR). 

Figure 31 shows the confusion matrices for the 3 ensemble models developed: Ensemble 

Soft Voting, Ensemble Weighted AUC and Ensemble Stacking. 

 

Figure 31. Confusion Matrices of Ensemble Learning Models. 
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• Ensemble Sof Voting metrics (TP = 1049, TN = 1688, FP = 274, FN = 229): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

1049 + 1688

3240
= 0.8447 (84.47%) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

1049

1049 + 274
= 0.7928 (79.28%)  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

1049

1049 + 229
= 0.8208 (82.08%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1688

1688 + 274
= 0.8603 (86.03%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.7928 × 0.8208

0.7928 + 0.8208
= 0.8065 (80.65%) 

 

 

• Ensemble Weighted AUC metrics (TP = 1043, TN = 1702, FP = 260, FN = 235): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

1043 + 1702

3240
= 0.8472 (84.72%) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

1043

1043 + 260
= 0.8004 (80.04%)  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

1043

1043 + 235
= 0.8161 (81.61%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1702

1702 + 260
= 0.8674 (86.74%) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.8004 × 0.8161

0.8004 + 0.8161
= 0.8081 (80.81%) 

 

• Ensemble Stacking metrics (TP = 904, TN = 1810, FP = 152, FN = 374): 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑁
=

904 + 1810

3240
= 0.8376 (83.76%) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
=

904

904 + 152
= 0.8560 (85.60%)  

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
=

904

904 + 374
= 0.7073 (70.73%) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
=

1810

1810 + 152
= 0.9225 (92.25%) 
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𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 2 ×

0.8560 × 0.7073

0.8560 + 0.7073
= 0.7745 (77.45%) 

 

Table 7 outlines several performance metrics across the models: 

 

 

Table 7. Performance of Ensemble Models. 

 

• Ensemble Weighted AUC achieved the highest performance in overall accuracy 

(84.7%, 95% Wilson CI: [0.834, 0.859]), F1-score (0.808), and Cohen's kappa 

coefficient (𝜅 = 𝟎. 𝟔𝟖𝟏), demonstrating the most robust balance between sensitivity 

(81.6%) and specificity (86.7%). 

 

• Ensemble Soft Voting yielded performance closely comparable to Weighted AUC, 
capturing the highest overall recall (82.1%, 𝑇𝑃 = 1049) and lowest false negative count 
(𝐹𝑁 = 229), albeit with a slight compromise in precision (79.3%) and specificity 
(86.0%). 

 

• Ensemble Stacking demonstrated superior class separability with the highest overall 
AUC (0.928, 95% CI: [0.917, 0.935]), highest precision (85.6%), and highest specificity 
(92.3%, 𝐹𝑃 = 152). However, this meta-classifier architecture favored precision over 

recall, experiencing an increase in false negatives (𝐹𝑁 = 374) and a lower recall of 
70.7%. 

 

General Comparison of Models and Cross-Analysis  

 

Table 8. Internal Validation Performance Metrics. 

Table 8 compares 10 classification models, including individual and ensemble approaches, 

using standard performance metrics: accuracy, sensitivity, specificity, precision, F1-score, 
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AUC, and Cohen’s Kappa, together with the corresponding confusion matrix counts (TN, FP, 

FN, and TP). 

 

• Ensemble Weighted AUC demonstrated the highest overall performance across the 

dataset, achieving an accuracy of 84.7% (95% Wilson CI: [0.834, 0.859]), an F1-

score of 0.808, and Cohen’s kappa (𝜅) of 0.681, reflecting strong statistical 

agreement and a balanced sensitivity-specificity profile. 

 

• Ensemble Soft Voting yielded comparable results, attaining the highest overall 

recall among ensemble models (82.1%, 𝑇𝑃 = 1049) with a minimal false negative 

rate (𝐹𝑁 = 229). 

 

• Deep Learning baselines showed poor generalization, with CNN and RNN achieving 

overall accuracies of only 60.1% and 50.9%, respectively. 

 

• Incorporating EDR signal improved the performance of Deep Learning models: CNN 

vs. CNN_RREDR: Accuracy increased by 21.6 percentage points (from 60.1% to 

81.7%), AUC increased from 0.565 to 0.910, and false positives dropped from 829 

to 327. RNN vs. RNN_RREDR: Accuracy rose by 22.1 percentage points (from 

50.9% to 73.0%), accompanied by a major improvement in specificity (from 30.5% 

to 74.5%). 

 

• Classical Machine Learning classifiers outperformed standalone baseline neural 
networks (CNN and RNN). Random Forest achieved the highest specificity (93.3%), 
highest precision (87.0%), and an AUC of 0.927 among individual non-ensemble 
models, though it experienced lower recall (68.9%, 𝐹𝑁 = 398). 

 

• Logistic Regression offered a balanced baseline (82.1% accuracy, 77.9% recall, 

0.774 F1-score), outpacing both unenhanced CNN and RNN models across all 

evaluation criteria. 

 

• For clinical scenarios where avoiding missed diagnoses (minimizing false negatives) 

is paramount, Ensemble Weighted AUC and Ensemble Soft Voting provide the 

most effective trade-offs, successfully identifying 1043 and 1049 true positive cases 

while keeping false negatives to 235 and 229, respectively. 

 



77 
 

 

Figure 32. Receiver Operating Characteristics Curves (ROC) for Internal Validation. 

 

Figure 32 presents the ROC curves obtained during internal validation. In general, most 

classifiers demonstrated good-to-excellent discriminative capability, with Random Forest 

achieving the highest AUC (0.927), followed closely by Ensemble Weighted AUC (0.926), 

Ensemble Soft Voting (0.925), Ensemble Stacking (0.925), and SVM-RBF (0.923). 

CNN_RREDR also demonstrated strong discrimination (AUC = 0.904), while Logistic 

Regression achieved an AUC of 0.893. In contrast, RNN_RREDR yielded a lower but still 

favorable AUC of 0.825, whereas models based on raw ECG exhibited substantially weaker 

discrimination, with CNN and RNN achieving AUC values of 0.632 and 0.595, respectively. 

The marked improvement observed after incorporating RR/EDR-derived respiratory 

information—particularly for CNN, whose AUC increased from 0.632 to 0.904 highlights the 

importance of respiratory-related representations for apnea detection. Overall, the ROC 

analysis indicates that ensemble learning, conventional machine-learning classifiers, and 

deep-learning architectures incorporating respiratory information provide substantially 

stronger discriminative performance than models relying exclusively on raw ECG during 

internal validation. 
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4.5. Severity Estimation via Hierarchical Aggregation 

 

Although every classifier produces a binary apnea/normal decision for each one minute 

window, clinical diagnosis of OSA severity is expressed at the patient level using the Apnea-

Hypopnea Index (AHI) and its associated four-tier severity scale. We implemented a second 

hierarchical evaluation stage on top of the minute-level classifiers to reproduce this clinically 

meaningful endpoint. 

For each recording, the model's per-minute predictions were aggregated to an Apnea Index 

(AI), which is the number of minutes considered as apnea divided by the total recording 

duration in hours: 

 

The resulting continuous apnea index (AI) was then mapped to the standard four-category 

severity scale used in clinical practice: Normal (AI < 5), Mild (5 ≤ AI < 15), Moderate (15 ≤ 

AI < 30), and Severe (AI ≥ 30 events/hour). The same aggregation was applied to the 

ground-truth per-minute annotations to obtain each recording's true AI and true severity 

category and predicted, and true severity can be compared directly. 

This two-level hierarchy—minute-level binary classification followed by patient-level 

aggregation and categorical mapping—is similar to how AHI-based severity is observed from 

continuous overnight monitoring in clinical practice and was evaluated with a metric set 

different from the minute-level metrics: severity classification accuracy, Cohen's kappa 

between predicted and true severity category, and for the continuous AI itself mean absolute 

error (MAE), bias and 95% limits of agreement (bias ± 1.96•SD of the differences) after a 

Bland–Altman-style agreement analysis. 

Table 9 presents a comparison of the performance of various machine learning and deep 

learning models applied to severity classification and event estimation (likely related to sleep 

apnea or other physiological events measured in events/hour), evaluated using five metrics: 

Severity Accuracy, Cohen's Kappa, AI MAE (mean absolute error in events/hour), AI Bias 

(average bias in events/hour), and 95% LoA (95% confidence interval). 

The evaluated models include classical algorithms (Random Forest, SVM-RBF, Logistic 

Regression), neural networks (CNN and RNN, both on raw ECG signal and on RR+EDR 

tachogram), and different assembly strategies (Stacking, Weighted AUC with 7 models, 

Soft Voting with 7 models, and Soft Voting). 

 

Main findings: 

 

• The best-performing model overall is Random Forest, with the highest accuracy 

(0.889) and the highest Kappa coefficient (0.842), although it exhibits considerable 

negative bias (−4.93 events/h). 
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• The CNN (RR+EDR tachogram) achieves the lowest MAE (3.69 events/h) and low 

bias (+1.29), with relatively narrow limits of agreement, suggesting good precision in 

the quantitative estimation of events. 

 

• The models based on raw ECG signals (CNN and RNN) show the worst 

performance, with low accuracies (0.556 and 0.333), very high errors (MAE of 22.04 

and 28.52 events/h), and high biases, in addition to the widest ranges of agreement 

in the entire table (up to [−32.75, 74.75]). 

 

• The ensemble strategies achieve intermediate and relatively stable results, with 

simple Soft Voting standing out, combining moderate accuracy (0.667) with a low 

MAE (3.76) and reduced bias (−1.87). 

 

In general, it is observed that greater classification accuracy (Severity Accuracy) does not 

always translate into lower quantitative estimation error (MAE), indicating that both types of 

tasks—severity classification and numerical event estimation—are not necessarily 

correlated in model performance. 
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Table 9. Severity classification and Apnea Index agreement, internal test set (n = 9 subjects). 
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4.6. External Validation – Performance Metrics 

 

To evaluate the generalizability of the developed classifiers beyond the data used during 

their training, an independent external validation process was designed and implemented 

using the official test set from the PhysioNet Apnea-ECG database (records x01 to x35). 

This set corresponds to the test partition originally defined by the organizers of the Apnea-

ECG PhysioNet Challenge, and its 35 records do not share any subjects with the 35 records 

used to train the models (a01–a20, b01–b05, c01–c10). This complete separation at the 

database level—and not just at the random partition level—constitutes the most rigorous 

generalizability test available for this problem, as it excludes by design any possibility of 

information leakage between training and evaluation. 

 

The process was structured in five stages. First, a data loading module was developed that 

reads the electrocardiographic signal from each test recording along with its minute-by-

minute annotations (apnea/normal labels provided in an annotation file), verifying the 

internal consistency of the data and the completeness of all 35 recordings before 

proceeding. Second, the preprocessing pipeline used during training was exactly replicated: 

bandpass filtering of the signal, detection of R peaks, extraction of the 17-heart rate 

variability (HRV) features and the EDR signal (ECG-derived respiration), selection of non-

redundant features through correlation analysis, expansion with a temporal context of ±1 

minute, and construction of the RR+EDR tachogram for models that require it. This 

methodological fidelity is crucial: any discrepancy between the training preprocessing and 

that used for external validation would invalidate the comparison of results. 

 

Third, the seven base models (Logistic Regression, SVM-RBF, Random Forest, and four 

deep neural networks: CNN and RNN on the original signal, and their variants on the 

RR+EDR tachogram) were loaded along with the three original datasets (Soft Voting, 

Weighted AUC, and Stacking), resulting in a total of ten models. Importantly, at this stage, 

no models were retrained or adjusted; they were loaded already trained from the original 

training set and used solely to generate predictions on the external data (x01–x35, 35 

subjects, 12600 one-minute windows), thus preserving the validity of the assessment as a 

genuine test of generalizability. 

 

Fourth, the performance of each model was evaluated at two hierarchical levels, replicating 

the clinical logic for diagnosing sleep apnea. At the minute-by-minute window level, 

accuracy, sensitivity, specificity, precision, F1-score, area under the receiver operating 

characteristic (ROC) curve (AUC), and Cohen's kappa coefficient were calculated, in 

addition to the complete confounding matrix. At the full recording level, the minute-by-minute 

predictions for each patient were aggregated into an Apnea Index (number of minutes with 

apnea divided by the recording hours), which was classified according to the standard 

clinical severity scale (normal, mild, moderate, severe). This allowed for the evaluation of 

both the accuracy of this classification and the degree of agreement (kappa) and the 
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estimation error of the index (MAE, bias, and limits of agreement) with respect to the true 

value. 

 

Finally, since the results come from a single partition of 35 subjects, statistical significance 

tests were incorporated to determine whether the observed performance differences 

between models were attributable to a real advantage or to random chance inherent in this 

sample. Two complementary approaches were applied: McNemar's test on paired 

predictions at the window level, and a grouped bootstrap by subject (resampling with 

replacement of all 35 patients, not individual windows) to estimate confidence intervals and 

p-values for AUC differences between pairs of models. This second approach proved more 

appropriate for the study design, as it respects the correlation between windows for the 

same patient, avoiding the overestimation of statistical significance that results from treating 

each minute as an independent observation. 

 

External validation not only evaluated classifier performance in an independent patient 

cohort, but also rigorously established whether performance variations reflected genuine 

predictive capability rather than sampling uncertainty. 

 

4.6.1. Classical Machine Learning Models Performance 

 

Figure 33 shows the confusion matrices for the implemented classical Machine Learning 

models (Logistic Regression, SVM RBF and Random Forest). 

 

 

Figure 33. Confusion Matrices for classical Machine Learning Models. 
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• Random Forest achieved the highest overall diagnostic performance among 

classical algorithms, attaining an Accuracy of 86.3%, an F1-Score of 0.796, and a 

Cohen's kappa (𝜅) of 0.694. It effectively maximized specificity, yielding the highest 

True Negative count (𝑇𝑁 = 7515, 59.6%) and lowest False Positive rate (𝐹𝑃 = 575, 

4.6%), though with a higher False Negative count (𝐹𝑁 = 1148, 9.1%). 

 

• SVM RBF demonstrated intermediate overall performance (Accuracy = 0.844, F1-

Score = 0.775, 𝜅 = 0.656), exhibiting a decision boundary profile like Random Forest 

with reduced False Positives (𝐹𝑃 = 833, 6.6%) alongside an elevated False 

Negative rate (𝐹𝑁 = 1132, 9.0%). 

 

• Despite having the lowest overall accuracy (81.8%) and the lowest Cohen's kappa 

coefficient (kappa = 0.619), Logistic Regression prioritized diagnostic sensitivity. It 

successfully identified the largest number of true cases of apnea (TP = 3786; 30.0%) 

and reduced false negatives to 724 (5.7%), although this resulted in a higher false 

positive rate (FP = 1573; 12.5%). 

 

4.6.2. Deep Learning Models Performance 

 

Figure 34 exhibits the confusion matrices for the developed Deep Learning Models (CNN, 

RNN, CNN_RREDR and RNN_RREDR). 

 

Figure 34. Confusion Matrices for Deep Learning Models. 

 

• Standalone baseline networks demonstrated poor discrimination ability, both yielding 

negligible inter-rater agreement (𝜅 = 0.024). Baseline CNN achieved an accuracy of 

only 0.543, impacted by high misclassification rates (𝐹𝑃 = 3051, 24.2%; 𝐹𝑁 = 2701, 

21.4%). Baseline RNN suffered from a severe positive-class bias, yielding high 

sensitivity (𝑇𝑃 = 4477, 35.5%; 𝐹𝑁 = 33, 0.3%) at the expense of excessive False 

Positives (𝐹𝑃 = 7766, 61.6%), leading to a low overall accuracy of 0.381. 
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• The integration of the EDR signal substantially improved generalization across both 

neural network’s architectures. CNN_RREDR emerged as the top-performing deep 

learning model, attaining an Accuracy of 0.820, an F1-Score of 0.752, and a Cohen's 

kappa (𝜅) of 0.610. It markedly suppressed False Positives (𝐹𝑃 = 1200, 9.5%) while 

sustaining strong sensitivity (𝑇𝑃 = 3439, 27.3%). RNN_RREDR successfully 

resolved the baseline RNN's prediction bias, elevating accuracy to 0.757 (𝜅 = 0.488, 

F1-Score = 0.683) by reducing False Positives from 7766 (61.6%) to 1846 (14.7%). 

 

4.6.3. Ensemble models Performance 

 

Figure 35 displays the confusion matrices for Ensemble models (Ensemble Soft Voting, 

Ensemble Weighted AUC and Ensemble Stacking). 

 

 

Figure 35. Confusion Matrices for Ensemble Models. 

 

• Ensemble Weighted AUC achieved the highest overall predictive capability among 

all evaluated architectures, reaching an Accuracy of 0.877, an F1-Score of 0.834, 

and a Cohen's kappa (𝜅) of 0.736. It established an optimal balance between 

sensitivity and specificity, identifying 3895 True Positives (𝑇𝑃 = 30.9%) while 

restricting False Negatives to 615 (𝐹𝑁 = 4.9%) and False Positives to 939 (𝐹𝑃 =

7.5%). 

 

• Ensemble Soft Voting prioritized diagnostic sensitivity, capturing the highest True 
Positive count (𝑇𝑃 = 3920, 31.1%) and minimizing undetected apnea instances 

(𝐹𝑁 = 590, 4.7%). It attained an overall Accuracy of 0.872, an F1-Score of 0.829, 
and 𝜅 = 0.727, with a False Positive count of 1022 (𝐹𝑃 = 8.1%). 
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• Ensemble Stacking shifted the decision threshold toward specificity, maximizing the 

True Negative count (𝑇𝑁 = 7526, 59.7%) and recording the lowest False Positive 

rate (𝐹𝑃 = 564, 4.5%). However, this conservative threshold increased missed 

events (𝐹𝑁 = 1136, 9.0%), yielding an overall Accuracy of 0.865, an F1-Score of 

0.799, and 𝜅 = 0.698. 

 

4.6.4. External Validation Summary 

 

Table 10 details the performance metrics obtained during external validation across classical 

machine learning, deep learning, and ensemble architectures on an independent patient 

cohort. 

 

Table 10. External Validation Performance Metrics. 

 

Ensemble Weighted AUC achieved the highest overall external validation performance, 

securing an Accuracy of 87.7%, F1-Score of 0.834, AUC of 0.939, and Cohen’s kappa of 

𝜅 = 𝟎. 𝟕𝟑𝟔 (95% CI: [0.724, 0.748]). 

 

Baseline unenhanced deep learning models suffered severe performance degradation 

during external testing (CNN Accuracy = 54.3%, 𝜅 = 0.024; RNN Accuracy = 38.1%, 𝜅 =

0.024). Integrating the RREDR strategy successfully mitigated out-of-distribution failure, 

elevating CNN_RREDR to 82.0% accuracy (𝜅 = 0.610) and RNN_RREDR to 75.7% 

accuracy (𝜅 = 0.488). 

 

Random Forest proved to be the most resilient single-model classifier, outperforming all 

individual neural network architectures with an Accuracy of 86.3%, an AUC of 0.933, and 

𝜅 = 0.694 (95% CI: [0.681, 0.707]). 

Figure 36 illustrates the ROC curves obtained during external validation on 12,600 one-

minute windows from the independent x01−x35 dataset. The ensemble models exhibited 

the strongest overall discriminative performance, with Ensemble Weighted AUC achieving 

the highest AUC (0.940), followed by Ensemble Soft Voting (0.939) and Ensemble 

Stacking (0.934). Among the individual classifiers, Random Forest (AUC = 0.933), SVM-
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RBF (AUC = 0.917), and Logistic Regression (AUC = 0.902) also demonstrated excellent 

discrimination. Incorporating respiratory-related information substantially improved the 

deep-learning models, with CNN using RR/EDR-derived information achieving an AUC of 

0.896 and RNN reaching 0.817. In contrast, models based on raw ECG exhibited markedly 

poorer discrimination, with CNN achieving an AUC of 0.594 and RNN an AUC of 0.498, the 

latter being essentially equivalent to chance. Overall, the ROC analysis demonstrates that 

ensemble learning, and respiratory-informed representations provide substantially higher 

discriminative capability for minute-level apnea detection than models relying exclusively on 

raw ECG. The proximity of the ensemble ROC curves to the upper-left corner further 

supports their robust classification performance on the independent external dataset. 

 

 

Figure 36. Receiver Operating Characteristics Curves (ROC) for External Validation. 
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4.7. Patient-Level Results: Severity Classification 

 

Table 11 shows the performance of the ten classification and regression models on the 

external test set (n=35 subjects) and provides an independent assessment of 

generalizability beyond the internal validation cohort. For each classification model, severity 

accuracy is given by the severity and Cohen's Kappa (κ) values, and agreement in the 

continuous prediction of the Apnea Index (AI) is given by the mean absolute error (MAE), 

bias, and 95% limits of agreement (LoA) in events/h. As shown in the table legend, the 

positive AI Bias indicates that the model overstates the Apnea Index. 

On the external test set, Random Forest and the Weighted-AUC ensemble (7 models) 

were the most accurate for classification of severity, with κ = 0.725 and 0.719 (significantly 

higher than the reference severity labels). Of all models considered, the Weighted-AUC 

ensemble had the lowest AI estimation error (MAE = 4.04 events/h) and a relatively narrow 

95% LoA ([-8.43, 11.89] events/h), which is the best overall accuracy of classification and 

quantitative agreement of the data. Soft Voting (7 models) and SVM-RBF had a lower 

accuracy but still a competitive score (0.77 and 0.74; κ 0.679 and 0.648). 

On the other hand, the models using only raw ECG information showed a stark dropoff in 

generalization. CNN (raw ECG) and RNN (raw ECG) models had the lowest severity 

accuracy (0.40 and 0.37) and the lowest agreement with reference labels (κ = 0.133 and 

0.000, which represents chance-level agreement). These models also made the largest 

estimation errors (MAE = 23.90 and 36.82 events/h) and 95% limits of agreement (up to 

[−60.43, 63.77] and [−1.71, 75.36] events/h), indicating that the model's estimates are highly 

variable and that they are very poor at predicting AI severity from external data. In the case 

of the RNN (raw ECG), a significant positive bias (36.82 events/h) was observed, and the 

model overestimates AI severity on external data in a clinically relevant way. 

Models based on the RR+EDR tachogram representation (CNN_RREDR and 

RNN_RREDR) performed intermediate-to-low externally (accuracy 0.63 and 0.40; κ = 0.482 

and 0.211), worse than both the classical machine-learning models and the ensemble 

strategies, despite having better internal validation metrics for some architectures. 

Overall, these external validation results suggest that ensemble models and classical 

models such as Random Forest can generalize to unseen subjects and have good 

classification accuracy and low estimation error for the Apnea Index. On the other hand, 

deep learning models trained on raw ECG signals, and to a lesser extent RR+EDR 

tachograms, are less generalizable, more biased, and have wider error ranges, highlighting 

the importance of external validation in assessing the clinical reliability of AI-based severity 

and AI-index estimation models. 
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Table 11. Severity classification and Apnea Index agreement, external test set (n = 35 subjects). 
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4.8. Tests of Statistical Significance Between Models (Using x01-x35) 

 

Two complementary tests were applied to the predictions of the external test set (12600 

windows, 35 subjects) for the 45 possible comparisons among the 10 models: 

 

• McNemar (window level): Treats each of the 12600 windows as an independent 

observation. 

 

Table 12 shows pairwise statistical comparisons using the paired McNemar test on 

the external validation set (12600 one-minute windows from 35 subjects). Of the 45 

pairwise model comparisons, 43 (95.6%) showed statistically significant differences 

(p < 0.05). Only Logistic Regression versus CNN_RREDR (p = 0.6402) and 

Random Forest versus Ensemble Stacking (p = 0.2443) were not statistically 

significant, indicating similar patterns of paired classification errors. The remaining 

comparisons yielded predominantly highly significant differences (p < 0.001), 

particularly between the conventional/deep-learning models and the ensemble 

approaches. The three ensemble methods also differed significantly from one 

another, including Soft Voting versus Weighted AUC (p < 0.001), Soft Voting versus 

Stacking (p = 0.0194), and Weighted AUC versus Stacking (p < 0.001). These 

findings indicate that most classifiers produce statistically distinguishable window-

level prediction patterns on the independent external dataset. However, because 

multiple windows originate from the same subject, the standard McNemar test does 

not account for within-subject dependence. Therefore, subject-level paired bootstrap 

analysis with 10,000 resamples should be used as the primary inferential procedure, 

while the conventional McNemar results should be interpreted as complementary 

evidence. 
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Table 12. Mcnemar pairwise models comparison. 

 

• Subject-grouped bootstrap (AUC level): Resampling with replacement of the 35 

subjects (not the windows) 2000 iterations — recalculating the AUC of each model 

at each resampling, with the same resampling for all models at each iteration (paired 

bootstrap). This respects the fact that approximately 360 windows for the same 

patient are correlated with each other and are not independent observations. 

Figure 37 summarizes the subject-level AUC performance obtained on the external 

validation dataset using 10,000 subject-level bootstrap resamples across 35 

subjects. The ensemble approaches achieved the highest discriminative 

performance, with Ensemble Weighted AUC and Ensemble Soft Voting reaching 

AUC values of approximately 0.94, followed by Ensemble Stacking at 

approximately 0.93. Among the individual classifiers, Random Forest and SVM RBF 

also demonstrated excellent discrimination, with AUC values of approximately 0.93 

and 0.92, respectively, while Logistic Regression achieved approximately 0.90. 
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Incorporating respiratory-related information substantially improved the deep-

learning models: CNN (RR+EDR) reached an AUC of approximately 0.90 and RNN 

(RR+EDR) approximately 0.82. In contrast, models trained using raw ECG alone 

exhibited considerably lower discrimination, with CNN achieving approximately 0.60 

and RNN approximately 0.50, the latter approaching chance-level performance. 

Overall, the results demonstrate that ensemble learning and the incorporation of 

respiratory-related information substantially improve subject-level discrimination and 

provide more robust generalization than models based solely on raw ECG 

representations. The use of subject-level bootstrap confidence intervals further 

accounts for the dependence among repeated one-minute observations within 

individual subjects. 

 

 

Figure 37. Subject-grouped bootstrap AUC level. 
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4.9. State-of-the-art Comparison 

 

Table 13 presents a quantitative comparison between previously reported approaches using 

the PhysioNet Apnea-ECG database and the models evaluated in this thesis. Previous 

studies report accuracies ranging from approximately 77.3% to 97.41%, with the highest 

value obtained by Chen et al. using an SVM-RBF approach. Within the present study, 

internal validation of the Random Forest model yielded an accuracy range of approximately 

84.7–84.4%, with specificity between 91.2% and 93.3% and an AUC of 0.927. 

Under the independent external validation using records x01–x35, the ensemble 

approaches achieved the best overall performance. The Weighted AUC ensemble 

obtained the highest accuracy (87.7%), F1-score (0.834), and AUC (0.940), followed closely 

by Soft Voting (87.2%, 0.829, and 0.939, respectively). Random Forest achieved 86.3% 

accuracy, an F1-score of 0.796, and an AUC of 0.933. These results indicate that the 

proposed ensemble strategies provide competitive performance while demonstrating 

generalization on an independent test set. Direct comparison with previous studies should 

nevertheless be interpreted cautiously because of differences in feature representations and 

evaluation protocols. 
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Table 13. Quantitative comparison with state-of-the-art studies using the Physionet Apnea-ECG 
database. 
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4.10. Computational Time: Training and Inference 

 

4.10.1. Measurement Hardware 

 

All measurements were performed in the same environment used for the rest of the project: 

1 CPU (Intel Xeon @ 2.10GHz), without a GPU. This is important for interpreting the 

numbers: deep learning models would benefit substantially from a GPU (typically 10-50x 

faster in training). The times reported here represent a conservative upper bound, not an 

estimate of what it would take on typical production hardware (dedicated GPU or at least 

multi-core). 

 

4.10.2. Methodology 

 

Training (classical models): full fit() time over the 9360 training windows (26 subjects), with 

the hyperparameters deployed (manual values from the original notebook, not those from 

the hyperparameter search). 

Training (deep models): epoch time measured directly (fit(epochs=1)), multiplied by the 

actual number of epochs with which each model completed its training (with the split 

corrected, without data leakage—see documentation for that correction). This does not 

include the architecture search time (one was not performed; see project limitations). 

 

4.10.3. Training and Inference Time 

 

Inference: predict()/predict_proba() time across the 3240 windows of the internal test set, 

averaged over 5 repetitions (classical models) or 1 direct measurement (deep models, given 

their cost). Both the total and the average time per window are reported. 

Ensembles: The reported training/inference time is only for the combination stage 

(averaging, weighting, or processing the meta-model)—it does not include the time for the 7 

base models, which is reported separately and must be summed to obtain the true end-to-

end cost of using an ensemble. 

Table 14 summarizes the computational training requirements of the evaluated classification 

models. Logistic Regression exhibits the lowest training time (0.1 s), followed by Random 

Forest (11.7 s) and SVM-RBF (12.2 s), whereas the deep-learning models require 

substantially greater computational time, ranging from 68.7 s for CNN_RREDR to 684.4 s 

for the raw-signal CNN. Among the ensemble methods, Soft Voting requires no additional 

training, while Weighted-AUC and Stacking require only 25 ms and 8.6 ms, respectively. 

Overall, the results highlight a clear computational advantage of classical and ensemble 

approaches over deep-learning architectures, particularly when considering the 

substantially longer training times associated with neural-network models. 
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Table 14. Training time by model. 

 

Table 15 summarizes the inference time of the evaluated models for 3240 one-minute 

windows. The ensemble methods exhibit the lowest computational overhead, with 

Ensemble Stacking requiring only 0.00003 ms per window and Weighted-AUC 0.0005 ms. 

Among the individual classifiers, Logistic Regression provides the lowest inference latency 

(0.0005 ms per window), followed by Random Forest (0.031 ms). In contrast, the deep-

learning models require substantially higher inference times, particularly the raw-signal 

RNN, which reaches 3.362 ms per window, followed by the raw-signal CNN at 1.634 ms. 

Overall, the results indicate that the classical and ensemble approaches offer a substantial 

computational advantage for real-time or resource-constrained OSA detection, while the 

deep-learning models impose greater inference-time requirements. 
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Table 15. One-minute windows inference time. 

 

Table 16 summarizes the computational cost of the preprocessing stages required before 

model inference. Z-score filtering and normalization require 0.56 ms per window, while 

construction of the RR+EDR tachogram requires 2.71 ms per window. The extraction of 

the 17 HRV+EDR features represents the most computationally demanding preprocessing 

stage, requiring 3.70 ms per window and supporting the Logistic Regression, SVM-RBF, 

and Random Forest models. Overall, the results show that feature extraction constitutes 

the largest preprocessing overhead, whereas signal normalization imposes the lowest 

computational cost. 

 

Table 16. Preprocessing time per window (prior to inference). 
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5. Conclusions, Limitations and Future Work  

5.1. Conclusions 

 

This study implemented and rigorously evaluated a set of machine learning, deep learning, 

and ensemble models for obstructive sleep apnea (OSA) detection using ECG- and EDR-

derived information from the PhysioNet Apnea-ECG database. The results demonstrate that 

classical models and ensemble approaches provided the most consistent generalization, 

whereas models trained directly on raw ECG exhibited substantially poorer external 

performance. The best-performing configuration, a Weighted-AUC ensemble combining 

SVM-RBF, Random Forest, Logistic Regression, and an RR+EDR CNN, achieved an AUC 

of 0.946 and an F1-score of 0.836 on the official external test set (x01–x35), outperforming 

the directly comparable study based on the same official train/test partition. 

The analysis also highlighted important differences in generalization between model 

families. Classical classifiers and ensembles showed minimal degradation between internal 

and external validation (ΔAUC ranging from −0.005 to +0.03), whereas the raw-ECG RNN 

deteriorated to approximately chance-level performance externally (AUC ≈ 0.50). Root-

cause analysis identified subject-level leakage in the inner training/validation split used for 

early stopping; correcting this through subject-grouped splitting did not improve the deep-

learning models, suggesting that the primary limitation was the small training cohort rather 

than the original hyperparameter configuration. 

This project’s third objective was to combine minute-level predictions with patient-level 

Apnea Index (AI) and four-tier severity classification. On the external test set (n=35) the 

weighted-AUC ensemble performed best: AI mean absolute error of 3.01 events/hour, near-

zero bias, and severity accuracy/kappa of 0.80/0.723 as per the best minute-level classifier 

and remained stable on both internal (n=9) and external (n=35) datasets, unlike the results 

on the external test set alone. The error margin is small compared to the clinical severity 

bands (5, 15, 30 events/hour), so this approach could be a screening tool, but not a 

replacement for polysomnography. 

The much wider ranges of agreement in the internal partition (i.e. ~36 versus ~24 

events/hour for Random Forest) prove that patient-level metrics are much more sensitive to 

sample size than minute-level ones because each patient, not each window, is just an 

observation, and small-cohort severity results should be read as indicative, not conclusive. 

Raw-ECG CNN and RNN are not suitable for severity estimation: their AI errors (23.9 and 

36.8 events/hour) exceed the entire clinical severity scale, which means that their minute-

level weaknesses build up and are not aggregated. 

A documented hyperparameter search further demonstrated that the manually selected 

configurations were already close to optimal, with AUC differences of ≤0.007 after retraining. 

Statistical analyses provided an additional safeguard against overinterpretation: subject-

clustered bootstrap testing yielded fewer significant pairwise differences than naive window-

level McNemar testing, indicating that the apparent superiority of individual ensemble 

models should be interpreted cautiously at the available sample size. Finally, comparison 

with the literature showed that only a limited number of studies could be verified as using 

the same PhysioNet Apnea-ECG database with comparable metrics; therefore, the 
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proposed results should be regarded as competitive rather than universally superior to the 

state of the art. 

 

5.2. Limitations 

 

The principal limitation is the use of a single external database, which restricts assessment 

of generalizability across populations, institutions, recording equipment, and acquisition 

protocols. Although the official x01–x35 partition provides an independent patient cohort and 

constitutes a stringent evaluation, it remains derived from a single database. The relatively 

small number of subjects also limits the precision of patient-level severity estimates, 

resulting in wide confidence intervals for some severity-related metrics. 

Additional limitations concern the deep-learning component. CNN and RNN architectures 

were not subjected to systematic architecture optimization, and their external performance 

remained poor, particularly for the raw-ECG RNN. The computational environment also 

restricted the Random Forest hyperparameter search from the planned 25 to 11 candidates. 

Furthermore, both internal and external evaluations represent a single realization of the 

subject-level partition, and repeated or nested cross-validation was not performed. Finally, 

the state-of-the-art comparison remains conservative because several candidate studies 

could not be verified against their primary sources and were therefore excluded rather than 

relying on potentially inaccurate secondary citations. 

 

5.3. Future Work 

 

Future research should prioritize multi-database and multi-center external validation, 

applying the trained models without retraining to independent ECG sleep-apnea cohorts. 

Given the observed limitations of raw-ECG deep learning, increasing the number of training 

subjects should precede extensive architectural optimization, potentially through database 

integration or transfer learning from large-scale ECG foundation models. A systematic, 

subject-grouped hyperparameter search should subsequently be extended to CNN and 

RNN architectures. 

Repeated subject-level and nested cross-validation would provide more robust estimates of 

sampling variability, while prospective multi-site clinical studies would be required to 

establish clinical utility against concurrent polysomnography. Further work should also 

complete the verification of candidate state-of-the-art studies to strengthen the quantitative 

literature benchmark. Finally, real-time deployment should be investigated by assessing 

computational requirements, latency, robustness to noise and motion artifacts, and 

performance under conditions representative of wearable or ambulatory ECG monitoring. 
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