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Abstract - Sleep apnea is a common problem with health 

implications ranging from excessive daytime sleepiness to 

serious cardiovascular disorders. The method for detecting 

and measuring sleep apnea is through breathing 

monitoring (polysomnography), which is time consuming 

and relatively expensive. Cardiovascular which is closely 

related to heart performance activities allows the use of 

electrocardiogram (heart rate variability) features to 

detect sleep apnea. This study aims to compare the results 

of sleep apnea detection using several machine learning 

algorithms. A total of 2,445 data were divided into 1,834 

data as learning sets and 611 data as test sets. Evaluation 

of 10-fold cross-validation using all HRV features shows 

that neural network algorithm has the best performance 

compared to decision tree algorithm, k-nearest neighbor, 

and support vector machine with an accuracy rate 

(82.44% in the learning set, 79.21% in the test set 

consecutively), precision (85.54% and 82.70%), f-measure 

(87.70% and 85.67%), and AUC (0.867 and 0.832). Based 

on the results of performance testing using only selected 

HRV features (CVRR, HF, SD1/SD2 Ratio, and S-Region), 

the K-Nearest Neighbors, Support Vector Machine, and 

Neural Network algorithms experienced a decrease in 

performance. The use of all HRV features is recommended 

compared to only using selected HRV features, so it can 

help detect the presence/absence of sleep apnea much 

better. 

 
Keywords: Sleep apnea detection; machine learning; 

heart rate variability; electrocardiogram 

I. INTRODUCTION 

Sleep apnea is a common medical disorder that occurs 

when the walls of the throat relax and narrow, causing 

obstruction of the airways during sleep. This condition 

inhibits the supply of oxygen that enters the body, which 

then decreasing oxygens blood levels. Chronic fatigue 

and daytime sleepiness despite having slept for more 

than seven hours, are some of the common symptoms in 

people with sleep apnea [1]. The other most common 

symptoms of sleep apnea are snoring, stop breathing, and 

gasping for air during sleep. Many people are not aware 

that they are experiencing symptoms of sleep apnea, so 

the diagnosis of this disease is often overlooked or even 

untreated. 

Sleep apnea has implications as a considerable 

morbidity for cardiovascular disease [2], mental illness, 

even affect a person's quality of life [3-4]. 

Polysomnography (PSG) is a tool for examine patients’ 

physiological condition during sleep. Data collection 

through PSG has two main drawbacks, it takes a long 

time and quite expensive [5]. To overcome the weakness 

of PSG, several alternatives have been proposed using 

physiological signals, such as stomach signals [6], air 

flow [7], chest signal [8], and oxygen saturation [9]. 

Sleep apnea can be more severe while untreated. The 

limitations of sleep laboratories and PSG in each health 

facility make it difficult to predict the severity of sleep 

apnea. Therefore, other methods are needed to be able to 

detect, even predict sleep apnea. Breathing, blood 

pressure, body temperature, and heart rate are closely 

related to the autonomic nervous system. Breathing 

disorders during sleep that interfere with temporal 

harmony, also cause disturbances to the autonomic 

nervous system and in the long-term cause complications 

in the heart, brain, blood circulation and metabolism 

function. 

Autonomic nervous system activity can be monitored 

through heart rate, namely Heart Rate Variability (HRV) 

[10]. Many studies on HRV have been carried out for 

decades. HRV has been used to detect several disorders 

such as stress [11-12], insomnia and epilepsy [13], 

impaired cognitive function [14], even used to predict 

mortality from sepsis [15]. 

Heart rate variability is one of the analytical methods 

commonly used to determine changes in heart activity. 

The HRV method focuses on changes in time interval 

oscillations and heart rate speed, so that the physiological 

condition of the body can be known based on its heart 

rhythm. Heart rate variability is a physiological 

phenomenon that reflects an indicator of the autonomic 

nervous system that works subconsciously to control 

body work/activities [16]. In individuals who have sleep 

disorders, there is an imbalance of autonomic nervous 
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system function, and this imbalance in autonomic 

nervous system function can then be measured using 

HRV. 

This study has a hypothesis that sleep apnea can be 

detected using machine learning algorithm based on 

heart rate variability features. An objective evaluation 

method for the analysis of the features/parameters that 

most influence the early diagnosis of sleep apnea, is very 

important for prevention, health promotion, and quality 

of life improvement. With the development of wearable 

devices to monitor heart rate activity, it is possible to 

monitor a person's physical condition in daily life. This 

study aims to find features and compare the performance 

of several machine learning algorithms that can be used 

to detect sleep apnea. 

This research is important to do considering the lack 

of awareness about the importance of early detection of 

sleep apnea, which is often known after complications of 

other diseases arise due to sleep apnea. The use of HRV 

as a parameter to detect sleep apnea is also expected to 

be an alternative to using PSG which is quite expensive 

and takes a long time to get the results. In addition, HRV 

can also be generated through a smart watch, which 

makes it possible to monitor the presence or absence of 

sleep apnea. Through the results of the discovery of HRV 

features and the most suitable algorithm for sleep apnea 

detection, it is hoped that the model can be developed by 

embedding it in a wearable health device (smart watch). 

II. METHOD 

A. Dataset 

The dataset used in this study is an ECG signal 

recording data [17], taken with 100 Hz frequency 

sampling [18]. The initial dataset is data from the ECG 

recording of 6 subjects while sleeping for 7 hours with a 

total of 2445 data. The data is divided into 1834 data as 

learning sets and 611 data as test sets. Both learning set 

and test set have been evaluated by sleep apnea experts, 

to provide a label/annotation (presence or absence of 

sleep apnea) every minute. 

B. Signal Pre-processing 

Pre-processing data consists of three stages: 

windowing stage, peak detection, and R-R interval (Fig. 

1). The windowing stage is the stage to break down data 

from each subject (RAW ECG Data), which initially 

lasted 7 hours into data with a minute duration, so that 

each subject had ± 420 data. 

The peak detection stage is the stage for processing 

the signal in each window. ECG signal data for each 

window, processed using the Two Moving Average 

Algorithm [19-20] to detect the peak of each QRS 

Complex (R-Peak) pulse. Each R-Peak detected in each 

window, will be used to calculate the distance between 

beats (difference between two R-Peaks), which is 

commonly known as the R-R Interval. The new time 

series data will be obtained from the results of the R-R 

Interval process.

  
Fig. 1 Pre-processing data stages 
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C. Heart Rate Variability Features Extraction 

Time series data obtained from R-R Interval then 

being extracted into HRV features. The HRV features 

consists of linear measurements and non-linear 

measurements. Linear measurement consists of time 

domain analysis and frequency domain analysis, while 

non-linear measurement consists of poincaré plots 

analysis and sample entropy (sampen). Table I shows 

HRV features extracted from R-R Interval. 

After extracting HRV features, annotating/labeling 

is carried out on each data. Labeling is done on all data 

(learning set and test set). Labeled data in the learning 

set is used to train the model in machine learning, while 

labeled data in the test set is used to test whether the 

detection results in each algorithm match the label that 

should be. 

D. Machine Learning Classifiers 

Sleep apnea detection in this study was carried out 

using a classification algorithm in machine learning. 

Based on previous research, there are several algorithms 

that can be used to classify. Comparison in this study 

uses four classification algorithms according to previous 

studies: Decision Tree [15], K-Nearest Neighbors [8], 

Support Vector Machine [9], dan Neural Network [6]. 

The device specifications and HRV features used for 

classification in all algorithms have been standardized. 

E. K-Fold Cross-Validation 

Testing is carried out using k-Fold Cross-Validation, 

which is a re-sampling procedure to evaluate machine 

learning models on a limited sample of data [21]. The 

number of groups (k) in this study is 10, so the dataset 

will be divided into 10 groups (fold) and a total of 10 

iterations of cross-validation will be implemented. Fig. 2 

shows the steps on 10k-Fold Cross-Validation. For each 

iteration of the k-Fold Cross-Validation, a machine 

learning classification algorithm is used to measure the 

performance. Performance measurement of the 

classification algorithm is performed using a confusion 

matrix and Receiver Operating Characteristic curve 

(ROC curve) [22]. 

Confusion matrix is a performance measurement for 

machine learning classification problems, where the 

output is table with 4 different combinations of predicted 

values and actual values: True Positive (TP), False 

Positive (FP), False Negative (FN), and True Negative 

(TN). This table is useful for measuring Recall, 

Precision, Accuracy, and AUC (Area Under ROC 

Curve). AUC is a graph that shows the performance of 

the classification model across all classification 

thresholds. This curve plots two parameters, specifically 

True Positive Rate (TPR) and False Positive Rate (FPR).

  

TABLE I  

HEART RATE VARIABILITY FEATURES 

Measurement Feature Unit Description 

Time Domain 

Analysis 

MeanRR ms Average of R-R Interval. 

SDRR ms Standard deviation of R-R Interval 

CVRR ms Coefficient of Variance of R-R Interval 

RMSSD ms The mean squared distance of the R-R Interval consecutively 

pNN50 % Percentage difference between adjacent R-R intervals that are greater than 50 ms 

pNN20 % Percentage difference between adjacent R-R intervals that are greater than 20 ms 

Frequency 

Domain Analysis 

VLF ms2 Absolute power of very low frequency (0.0033-0.04 Hz) 

LF ms2 Absolute power of low frequency (0.04-0.15 Hz) 

HF ms2 Absolute power of high frequency (0.15-0.4 Hz) 

LF/HF % LF to HF Rasio 

Poincaré Plot 

Analysis 

SD1 ms The standard deviation of the poincaré plot is perpendicular to the identity line 

SD2 ms The standard deviation of the poincaré plot along the identity line 

SD1/SD2 % SD1 to SD2 Ratio 

S-Region ms The area of ellipse that represents total HRV 

Sample Entropy Sampen  A measure of regularity and complexity of a time series 

ms = milisecond; ms2 = milisecond squared 
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Fig. 2 Steps in k-Fold cross-validation with k=10  

III. RESULTS AND DISCUSSION 

A. Classification Parameters on Machine Learning 

The algorithms explored in this study are some of the 

well-known and frequently used algorithms. Comparison 

of several classification algorithms is performed, 

considering that there is no one universal algorithm that 

can be used to solve all classification problems [23]. 

Through this comparison, hope that it can provide an 

overview of the capabilities and performance of each 

algorithm in detecting sleep apnea. The performance of 

each algorithm is strongly influenced by the parameters 

used. Therefore, parameters used in this study are the 

default parameters in RapidMiner tools. Table II shows 

the default parameters of each classification algorithm. 

B. Evaluation Using All HRV Features 

Performance evaluation included: Accuracy, Recall, 

Precision, Area Under ROC Curve (AUC), and F-

Measure. Table III shows the test results of each 

classification algorithm using all HRV features in the 

learning set. The results of this study indicate that NN 

has the highest accuracy rate of 82.44%, followed by 

SVM (81.19%), and KNN (80.04%). The DT algorithm 

has the worst performance among the machine learning 

algorithms tested, with accuracy (74.97%), precision 

(73.84%), F-Measure (84.52), and AUC of 0.603. 

However, this algorithm has the best recall value, which 

is 98.82%. Overall, the NN algorithm using default 

parameters in the learning set has the best results among 

the four algorithms compared. 

Testing is also performed on the test set data, where 

the data has never been included in the training process 

(learning). However, the test set data has been given 

label, so that it can be used to test performance as in the 

learning set data. Performance results for test set data as 

shown in Table IV.

TABLE II 

DEFAULT PARAMETERS OF EACH CLASSIFICATION ALGORITHM 

No. Classification Algorithm Parameters Value 

1. Decision Tree (DT) Split Criteria Gain Ratio 
Maximal Depth 10 

2. K-Nearest Neighbors (KNN) K 5 

3. Support Vector Machine (SVM) Kernel Type Dot 
Kernel Cache 200 

C 0,01 
Convergence Epsilon 0,001 

Maximum Iteration 100000 

4. Neural Network (NN) Training Cycle 200 

Learning Rate 0,01 

Hidden Layer 10 
Momentum 0,9 

 

Step 1 : Devide dataset into 10 group (fold).

1 2 3 4 5 6 7 8 9 10

Step 2: Use 1 fold for testing and the rest for training. 

Calculate the performance matrix (confussion matrix).

1 2 3 4 5 6 7 8 9 10

1st iteration

Step 3: Do step 2 by changing the next fold as the data testing.

Repeat until 10th iteration.

1 2 3 4 5 6 7 8 9 10

. 2nd to 9th iteration

.

.

1 2 3 4 5 6 7 8 9 10

10th iteration

Step 4: Calculate the average of all performances from iteration 1 to 10



JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 10, No. 2, November 2022 

Analysis of Machine Learning … | Zakariyah, M., Zaky, U., 173 – 181 177 

 

TABLE III 

LEARNING SET PERFORMANCE RESULTS USING ALL HRV FEATURES 

Classification Algorithm Accuracy (%) Recall (%) Precision (%) F-Measure (%) AUC 

DT 74.97 ± 1.85 98.82 ± 0.85 73.84 ± 1.42 84.52 ± 1.06 0.603 ± 0.026 

KNN 80.04 ± 2.85 88.95 ± 2.50 83.30 ± 1.90 86.03 ± 2.16 0.799 ± 0.046 

SVM 81.19 ± 2.42 92.98 ± 1.90 82.16 ± 1.77 87.24 ± 1.83 0.824 ± 0.028 

NN 82.44 ± 3.97 89.98 ± 6.35 85.54 ± 3.02 87.70 ± 4.09 0.867 ± 0.037 

TABLE IV 

TEST SET PERFORMANCE RESULTS USING ALL HRV FEATURES 

Classification Algorithm Accuracy (%) Recall (%) Precision (%) F-Measure (%) AUC 

DT 73.16 ± 2.25 97.63 ± 1.93 72.82 ± 1.88 83.42 ± 1.90 0.585 ± 0.021 

KNN 74.14 ± 6.27 86.04 ± 6.77 78.70 ± 4.35 82.21 ± 5.30 0.714 ± 0.065 

SVM 70.21 ± 1.83 98.11 ± 2.17 70.43 ± 1.31 82.00 ± 1.63 0.796 ± 0.053 

NN 79.21 ± 5.01 88.86 ± 5.00 82.70 ± 4.80 85.67 ± 4.90 0.832 ± 0.052 

 

Performance of NN algorithm when tested on the test 

set data, still shows the best accuracy, precision, f-

measure, and AUC (79.21%, 82.70%, 85.67%, and 0.832 

respectively) compared to other algorithms. Different 

performance is shown in the DT algorithm, which 

previously showed the worst performance. The test 

results on the test set data, show that SVM algorithm has 

the lowest level of accuracy (70.21%), precision 

(70.43%), and f-measure (82.00%). However, this 

algorithm also has the highest recall performance. 

C. Heart Rate Variability Features Selection 

The purpose of HRV features selection is to find the 

best HRV feature set to build a model in detecting the 

presence or absence of sleep apnea. Feature selection 

technique for labeled data is using supervised learning 

models. The feature selection technique with the 

supervised learning model consists of: Embedded 

Method, Wrapper Method, and Filter Method.The 

features of the HRV extraction are then selected based 

on the test results of the three methods involving all the 

data. The test results for each feature selection 

technique with a supervised learning model can be seen 

in Table V. 

Wrapper Method provides better performance than 

filter-based or embedded feature selection [24]. 

Similar results are also seen in Table V which shows 

that based on three feature selection methods, the 

wrapper method provides better accuracy, precision, 

and f-measure values. The wrapper method has two 

feature selection techniques, namely Forward 

Selection and Backward Elimination. 

Forward selection was chosen because it produced 

a better score than backward elimination (accuracy, 

precision, and f-measure are 79.96%, 81.20%, and 

86.50%, respectively). This method works iteratively, 

starting with using one feature to be tested using 

machine learning algorithms, then calculating its 

accuracy/performance. Features that have the highest 

level of accuracy will be retained. In the next iteration, 

this feature is then added with other HRV features. 

New feature combination then trained using a learning 

algorithm, so that new accuracy results are obtained. 

This is done continuously, until no significant increase 

in accuracy is found. The combination of HRV features 

with the highest performance will be selected as the 

features that will be used for classification in machine 

learning. 

As seen in Table VI, feature selection using forward 

selection produces a weight which will be used to 

determine whether the feature will be used to detect sleep 

apnea or not. Based on these results, features with 1 value 

will be used as a parameter in the machine learning 

classification. On the other hand, features with 0 value 

will not be used in the classification process. According 

to the results in the Table VI, the HRV features that will 

be used for the machine learning classification process 

are CVRR, HF, SD1/SD2 Ratio, and S-Region. 

D. Evaluation Using Selected HRV Features 

Selected features are tested using same data (learning 

set and test set) as previuos testing. This is done to see 

the impact of using only selected HRV features on the 

machine learning classification algorithm performance. 

The results of learning set performance using only 

selected HRV features are shown in the Table VII.
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TABLE V 

TEST RESULTS ON EACH FEATURE SELECTION TECHNIQUE 

No. Feature Selection Technique Accuracy (%) Recall (%) Precision (%) F-Measure (%) 

1. Embedded Method 75.38 ± 2.71 98.58 ± 0.80 74.30 ± 2.34 84.74 ± 1.19 

2. Wrapper Method     

Forward Selection 79.96 ± 1.09 92.54 ± 2.48 81.20 ± 2.10 86.50 ± 2.27 

Backward Elimination 78.29 ± 2.22 94.08 ± 1.72 78.70 ± 1.79 85.71 ± 1.75 

3. Filter Method     

Weight by Information Gain 74.68 ± 1.40 98.34 ± 1.00 73.78 ± 1.16 84.31 ± 1.07 

Weight by Correlation 74.40 ± 1.78 98.11 ± 2.05 73.65 ± 1.60 84.14 ± 1.80 

Weight by Chi-Square 74.84 ± 2.90 98.46 ± 0.75 73.94 ± 2.62 84.46 ± 1.17 

Weight by Relief 74.19 ± 1.87 98.88 ± 1.41 73.24 ± 1.91 84.15 ± 1.62 

 

TABLE VI 

FORWARD SELECTION RESULTS ON HRV FEATURES 

No. Feature Weight 

1. MeanRR 0 

2. SDRR 0 

3. CVRR 1 

4. RMSSD 0 

5. pNN50 0 

6. pNN20 0 

7. VLF 0 

8. LF 0 

9. HF 1 

10. LF/HF Ratio 0 

11. SD1 0 

12. SD2 0 

13. SD1/SD2 Ratio 1 

14. S-Region 1 

15. SampEn 0 

 
Accuracy describes the ratio between the number of 

correct predictions and the total number of predictions. 

Among the four classification algorithms tested, DT 

algorithm has the highest accuracy (80.10%) followed by 

the NN algorithm (79.77%), KNN (76.23%), and SVM 

(71.38%). The f-measure was performed to calculate for 

false positives and false negatives from unbalanced 

dataset. The F-measure on DT algorithm also has the 

highest value (86.57%), although this value does not 

show a significant difference with the results on NN 

algorithm (86.10%). Performance comparison between 

using all HRV features and only selected HRV features 

in the learning set data, can be seen in Fig. 3. 

As shown in Fig. 3 using only CVRR, HF, SD1/SD2 

Ratio, and S-Region features, made DT algorithm shows 

a significant change in performance. The accuracy 

increased from 74.97% to 80.10%. Likewise with 

precision (81.66%) and f-measure (86.57%). But overall, 

the NN algorithm still shows good performance results, 

even though the accuracy rate has decreased, from 

82.44% to 79.77%. A significant decrease in accuracy 

was even shown by KNN algorithm (from 80.04% to 

76.23%) and SVM (from 81.19% to 71.38%). 

Performance of the test set data is also carried out to 

compare the selected features as shown in Table VIII.  

Table VIII shows the NN algorithm still has the 

highest accuracy (77.42%) when tested using test set 

data, even though only using the selected HRV feature. 

The same result is also shown by the NN algorithm on 

the f-measure (84.79%). To compare the performance of 

each algorithm between using all HRV features and only 

using selected HRV features in the test set data can be 

seen in Fig. 4.  

 

TABLE VII 

LEARNING SET PERFORMANCE RESULTS USING SELECTED HRV FEATURES 

Classification Algorithm Accuracy (%) Recall (%) Precision (%) F-Measure (%) AUC 

DT 80.10 ± 2.90 92.11 ± 2.88 81.66 ± 3.36 86.57 ± 3.10 0.753 ± 0.054 

KNN 76.23 ± 2.84 86.74 ± 3.41 80.41 ± 1.84 83.46 ± 2.39 0.765 ± 0.040 

SVM 71.38 ± 1.26 99.84 ± 0.33 70.76 ± 0.92 82.82 ± 0.49 0.799 ± 0.024 

NN 79.77 ± 2.26 90.61 ± 3.34 82.02 ± 1.43 86.10 ± 2.00 0.800 ± 0.041 
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Fig. 3 Performance comparison between all features and only selected features in learning set data 

TABLE VIII 

TEST SET PERFORMANCE RESULT USING SELECTED HRV FEATURES 

Classification Algorithm Accuracy (%) Recall (%) Precision (%) F-Measure (%) AUC 

DT 74.14 ± 3.61 94.56 ± 3.51 74.94 ± 4.00 83.61 ± 3.74 0.692 ± 0.055 

KNN 70.04 ± 5.51 85.31 ± 5.80 74.86 ± 3.73 79.74 ± 4.54 0.666 ± 0.076 

SVM 69.07 ± 0.83 100.00 ± 0.00 69.07 ± 0.83 81.71 ± 0.00 0.773 ± 0.062 

NN 77.42 ± 3.86 90.54 ± 4.55 79.73 ± 3.33 84.79 ± 3.85 0.777 ± 0.057 

 

 
Fig. 4 Performance comparison between all features and only selected features in test set data 

Performance results with only selected features on the 

test set data gives not much different compared to 

performance on learning set data (Table VII). Although 

there is an increase in the test set data using only selected 

features in DT algorithm, but the results do not show 

significant difference compared to use all HRV features 

(from 73.16% to 74.14%). The NN algorithm still shows 

the best performance among other algorithms with 

accuracy (77.42%), precision (79.73%), f-measure 

(84.79%), and AUC (0.777). 

The results of comparison between using all features, 

and only using a few features generated from the feature 

selection process in this study, were also found in other 

studies on different objects. The KNN [25-26], NN [27] 

and SVM [26-28] algorithms also experienced a decrease 

in the level of accuracy, recall, precision, and F1-

measure, when tested using only a few selected features. 

The decrease in accuracy results in some of these 

algorithms is inversely proportional to the results shown 

in the DT algorithm. This study shows that the accuracy 
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of DT algorithm only increases when using a few 

selected features. Similar results were also found in the 

study conducted by Wang & Li [29], which showed that 

DT algorithm when used after feature selection had 

increased accuracy. However, the increase in accuracy is 

also accompanied by an increase in the number of tree 

nodes. Increasing the number of trees will have an impact 

on making it more difficult to understand tree decisions. 

Thus, the DT algorithm is only suitable for data that has 

small sample size, because DT is more easily influenced 

by irrelevant features. 

In this study, forward selection technique in feature 

selection phase shows the highest level of accuracy. 

Forward selection works well when the optimal subset 

has small number of features, but it cannot remove 

features that become obsolete after the addition of other 

features [30]. Different feature selection methods 

produce highly variable results, depending on the 

essence of feature selection itself. The feature selection 

method only selects features that have good 

performance, not relevant features [29]. The 

performance of a feature is determined by the evaluation 

of the features, the features that have been selected, the 

search strategy, and so on. The selection of relevant 

features according to Thenkabail, Enclona, & Ashton 

[31] is the features that still have a high frequency even 

though they are tested by different methods. 

IV. CONCLUSION 

Based on the results of 10-fold cross-validation test 

using all HRV features, neural network algorithm has the 

best performance than decision tree, k-nearest 

neighbour, and support vector machine algorithms with 

an accuracy rate (82.44% in the learning set, 79.21% in 

the test set), precision (85.54% in the learning set, 

82.70% in the test set), f-measure (87.70% in the learning 

set, 85.67% in the test set), and AUC (0.867 in the 

learning set, 0.832 in the test set). Performance results 

using only selected HRV feature show that decision tree 

algorithm shows significant increase in performance, 

especially in terms of accuracy, which was initially only 

74.97% to 80.10%. However, the accuracy of this 

algorithm does not have a significant value compared to 

neural network algorithm (79.77%). Performance test 

using only selected HRV feature, the three algorithms 

(K-Nearest Neighbors, Support Vector Machine, and 

Neural Network) experienced a decrease in performance. 

Thus, the use of all HRV features is recommended 

compared to only using selected HRV features, so that it 

can help detect the presence/absence of sleep apnea 

better. Further research can be done by improving the 

performance of neural network algorithm by optimizing 

the default algorithm parameters, so that it can produce 

much better performance. 
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