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Abstract 

Obstructive sleep apnea (OSA) is one of the most common yet underdiagnosed 

sleep disorders. Undiagnosed OSA significantly increases perioperative morbidity and 

mortality for OSA patients undergoing surgery requiring full anesthesia. 

Polysomnography is the gold standard of diagnosing OSA, but it is expensive and time-

consuming. Anthropometric risk factors such as sex, age, etc. are used in 

questionnaires to screen for OSA during wakefulness; however, they provide poor 

specificities (~20%) and no information about the disorder characteristics (e.g., total 

Arousal index, mean oxygen saturation (SpO2%), etc.). In this study, we present an 

objective and accurate tool along with a set of tracheal breathing sound 

characteristics with classification power for separating individuals with/without OSA 

and for predicting the disorder characteristics during wakefulness in a few minutes. 

Tracheal breathing sound signals were recorded during wakefulness in a supine 

position. Subjects were instructed to have a few deep breaths through the nose, then 

through the mouth. Study participants were referred to overnight polysomnography 

(PSG) assessment; their PSG reports were collected after their overnight-PSG study 

was completed. The signals were preprocessed; then, their power spectra and Bi-

spectra were estimated. Different correlation and classification analyses were 

executed for predicting the OSA severity and the PSG parameters. The overall testing 

classification accuracy for AHI<5 and AHI>10 was 83.9%, and the odds ratio was 27.4. 

Results showed that different risk factors do affect the breathing sounds independent 
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of OSA severity. Using the least/most sensitive features to anthropometric features 

resulted in 72.1/83.6% testing classification accuracies (AHISupine =15). On the other 

hand, AwakeOSA algorithm resulted in 81.4% testing classification accuracy (AHI =15) 

on the blind-test dataset.  

In addition, this thesis investigated the predictability of PSG parameters from 

sound features. Using sound features and a Random-Forest classifier we achieved an 

unbiased classification accuracy up to 86.7% for predicting mean oxygen saturation, 

arousal index, and other PSG parameters.  

The results of this study show a superior OSA classification power of 

respiratory sound features compared to that of anthropometric features. Also, 

reducing the effects of the risk factors on the sound features resulted in a more 

reliable OSA screening algorithm. Finally, the results provide a new promising 

possibility for predicting the PSG parameters using the sound and anthropometric 

features without executing a full over-night PSG study. 

 

 

 

 

 

 

 

  



 

III 
 

Acknowledgments 

I would like to acknowledge the support and guidance of my supervisor, Dr. 

Zahra Moussavi, who has been really supportive, cooperative and helpful throughout 

the PhD journey to come up with this work. I would also like to acknowledge and 

thank my committee members Dr. Edwin Kroeger and Dr. Pradeepa Yahampath. I 

would like to thank all my acoustic team for their continuous support. 

Financial support was received from two entities: 1) the Natural Sciences and 

Engineering Council of Canada (NSERC), the University of Manitoba, and the 

Government of Manitoba, and 2) Mathematics of Information Technology and 

Complex Systems (MITACS), and X-Bioanalysis Inc.  

 

 

 

 

 

 

 

 

  



 

IV 
 

Dedication 

To my Parents, Mamdouh Elwali and Mervat Yassin 

 My wife, Zain Alsaid 

My Daughter, Bassma Ahmed Elwali 

Dr. Ehab Elsalakawy and Aunt Magda Yassin 

My brothers and sisters, Mother-in-law, colleagues, relatives, and friends. 

 

 

 

 

 

 

 

 

 

 

  



 

V 
 

Contributions of Authors 

This thesis consists of five individual papers combined into a “sandwich 

thesis”. Four of these (Chapters II, III, IV, and V) have been published in peer-reviewed 

journals as of the time of writing (December 2019). The last manuscript (Chapter VI) 

will be submitted to a peer-reviewed journal over the coming weeks.  

Mr. Ahmed Elwali was the main contributor and first author of all the 

manuscripts presented in this thesis. Mr. Elwali‘s contribution to this work includes 

developing the research questions, Pre/processing the data, designing the diagnosis 

techniques, assisting with ethics approval, conducting the analyses, writing all 

manuscripts, submitting some of the manuscripts, and responding to reviewers’ 

comments. Dr. Zahra Moussavi contributed to the conception and obtaining ethics 

approval, drafting of the papers, and help with the submission and review process. Dr. 

Sonia Meza-Vargas assisted in reviewing the third paper (chapter IV). 

 

 

 

 

 

 

  



 

VI 
 

Table of Contents 

 
Abstract ................................................................................................................................ I 

Acknowledgments.............................................................................................................. III 

Dedication .......................................................................................................................... IV 

Contributions of Authors .................................................................................................... V 

Table of Contents ............................................................................................................... VI 

List of Tables ..................................................................................................................... XII 

List of Figures .................................................................................................................. XVII 

List of Abbreviations ........................................................................................................ XXI 

Chapter I - Introduction ...................................................................................................... 1 

Motivation ....................................................................................................................... 1 

Background ..................................................................................................................... 4 

Goals and Objectives ..................................................................................................... 11 

The specific objectives of this study are: .................................................................. 11 

Thesis Organization ....................................................................................................... 13 

References .................................................................................................................... 14 

Chapter II - Obstructive Sleep Apnea Screening and Airway Structure 

Characterization during Wakefulness Using Tracheal Breathing Sounds..................................... 19 



 

VII 
 

Synopsis......................................................................................................................... 19 

Abstract ......................................................................................................................... 19 

Introduction .................................................................................................................. 21 

Methodology ................................................................................................................. 25 

Data Collection .......................................................................................................... 25 

Preprocessing ............................................................................................................ 27 

Feature Extraction ..................................................................................................... 28 

Feature Reduction and Selection .............................................................................. 30 

Classification and testing .......................................................................................... 36 

Anthropometric information as features ................................................................. 36 

Results ........................................................................................................................... 38 

Discussion...................................................................................................................... 43 

Appendix A .................................................................................................................... 50 

References .................................................................................................................... 51 

Chapter III - Determining Breathing Sound Features Representative of 

Obstructive Sleep Apnea during Wakefulness with Least Sensitivity to other Risk 

Factors Screening Obstructive Sleep Apnea during Wakefulness ................................................ 56 

Synopsis......................................................................................................................... 56 

Abstract ......................................................................................................................... 56 



 

VIII 
 

Introduction .................................................................................................................. 58 

Methodology ................................................................................................................. 61 

Data ........................................................................................................................... 61 

Signal Preprocessing and Analysis, and Feature Extraction ..................................... 62 

Feature Reduction..................................................................................................... 63 

Features and Anthropometric Parameters ............................................................... 64 

Results ........................................................................................................................... 66 

Discussion...................................................................................................................... 70 

Conclusion ..................................................................................................................... 74 

References .................................................................................................................... 75 

Addendum..................................................................................................................... 79 

Chapter IV - Using Tracheal Breathing Sounds and Anthropometric Information 

for Screening Obstructive Sleep Apnea during Wakefulness ....................................................... 80 

Synopsis......................................................................................................................... 80 

Abstract ......................................................................................................................... 80 

Introduction .................................................................................................................. 82 

Methodology ................................................................................................................. 87 

Participants ............................................................................................................... 87 

Recording protocol ................................................................................................... 87 



 

IX 
 

Dataset Preparation .................................................................................................. 88 

Signal Analysis and Feature Computation/Extraction .............................................. 89 

Feature Reduction..................................................................................................... 90 

Best Feature Selection .............................................................................................. 92 

Feature Evaluation .................................................................................................... 95 

Results ........................................................................................................................... 98 

Discussion.................................................................................................................... 107 

Limitation of the study ................................................................................................ 113 

Conclusion ................................................................................................................... 114 

References .................................................................................................................. 115 

Chapter V - A Novel Decision-Making Procedure during Wakefulness for 

Screening Obstructive Sleep Apnea using Anthropometric Information and Tracheal 

Breathing Sounds ........................................................................................................................ 119 

Synopsis....................................................................................................................... 119 

Abstract ....................................................................................................................... 119 

Introduction ................................................................................................................ 121 

Results ......................................................................................................................... 127 

Discussion.................................................................................................................... 136 

Limitations of the study .............................................................................................. 143 



 

X 
 

Conclusion ................................................................................................................... 144 

Methods ...................................................................................................................... 145 

Participants and Recording protocol ...................................................................... 145 

Dataset .................................................................................................................... 146 

Subsets’ Creation .................................................................................................... 147 

Signal analysis and Feature computation/extraction ............................................. 148 

Feature reduction ................................................................................................... 149 

Training and validation ........................................................................................... 150 

Outliers’ removal .................................................................................................... 150 

Feature combination creation and selection .......................................................... 151 

Final combinations and blind testing ...................................................................... 152 

Additional analyses ................................................................................................. 153 

References .................................................................................................................. 154 

Addendum................................................................................................................... 161 

Chapter VI - Predicting the polysomnography parameters using breathing 

sound and anthropometric features .......................................................................................... 162 

Synopsis....................................................................................................................... 162 

Abstract ....................................................................................................................... 162 

Introduction ................................................................................................................ 164 



 

XI 
 

Methodology ............................................................................................................... 166 

Correlation Analysis and Second-order model ....................................................... 166 

Classification and prediction of PSG parameters ................................................... 169 

Each PSG parameter was considered separately to find the best threshold 

to be used in a classification routine to predict that PSG parameter using the 

anthropometric and sound features. ................................................................................. 169 

Results ......................................................................................................................... 172 

Discussion.................................................................................................................... 179 

Conclusion ................................................................................................................... 183 

References .................................................................................................................. 184 

Chapter IX – Conclusions ................................................................................................ 188 

Summary of Findings................................................................................................... 188 

Recommendations for Future work ............................................................................ 193 

Using the current collected and recorded data: ..................................................... 193 

Using new equipment and recordings: ................................................................... 194 

 

  



 

XII 
 

List of Tables 

Table 1 STUDY SUBJECTS’ ANTHROPOMETRIC INFORMATION. GRADES 0, 1, 

AND 2 FOR SMOKING HISTORY (SH) REPRESENT NON-SMOKER, PAST SMOKER, AND 

CURRENT SMOKER, RESPECTIVELY. NC IS NECK CIRCUMFERENCE, AND MPS IS 

MALLAMPATI SCORE ..................................................................................................................... 25 

Table 2 CLASSIFICATION RESULTS USING TWO SOUNDS FEATURES ................................ 41 

Table 3 MISCLASSIFIED SUBJECT’S ANTHROPOMETRIC INFORMATION. SAME 

AS IN TABLE 1. ............................................................................................................................... 41 

Table 4 CLASSIFICATION RESULTS USING ANTHROPOMETRIC FEATURES. G, H, 

W, MPS REPRESENT GENDER, HEIGHT, WEIGHT AND MALLAMPATI SCORE, 

RESPECTIVELY. ............................................................................................................................... 42 

Table 5 CLASSIFICATION RESULTS OF THE TWO SOUND FEATURES WITH 

DIFFERENT COMBINATIONS OF ANTHROPOMETRIC FEATURES AND THE SELECTED 

SOUND FEATURES. G, H, W, MPS REPRESENT GENDER, HEIGHT, WEIGHT AND 

MALLAMPATI SCORE, RESPECTIVELY. ........................................................................................... 42 

Table 6 STUDY PARTICIPANTS’ ANTHROPOMETRIC PARAMETERS. NC IS NECK 

CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE................................................................... 62 

Table 7 THE EQUATIONS OF THE SELECTED 10 FEATURES; INSM IS MOUTH 

INSPIRATORY BREATHING PHASE; EXPM IS MOUTH EXPIRATORY BREATHING PHASE; 

INSN IS NOSE INSPIRATORY BREATHING PHASE; AMEAN IS ARITHMETIC MEAN; 



 

XIII 
 

HMEAN IS HARMONIC MEAN; GMEAN IS GEOMETRIC MEAN; F-2F IS THE RELATION 

BETWEEN THE FREQUENCY AND ITS DOUBLE; P(F) IS THE POWER SPECTRUM. ......................... 64 

Table 8 RESULTS OF THE SELECTED 10 FEATURES (USING THE TOTAL DATASET); 

P VALUES ARE BETWEEN THE TWO OSA GROUPS, AND CORRELATION COEFFICIENTS 

ARE BETWEEN THE FEATURE AND AHISUPINE. ............................................................................ 66 

Table 9 CORRELATION COEFFICIENTS BETWEEN THE SOUND FEATURES AND 

RISK FACTORS, AND BETWEEN THE RISK FACTORS AND AHISUPINE; BMI IS BODY MASS 

INDEX, NC IS NECK CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE .................................... 67 

Table 10 STUDY INDIVIDUALS’ ANTHROPOMETRIC INFORMATION. OSA IS 

OBSTRUCTIVE SLEEP APNEA, NC IS NICK CIRCUMFERENCE, AND MPS IS MALLAMPATI 

SCORE ............................................................................................................................................ 89 

Table 11 DESCRIPTIONS OF THE SELECTED 23 FEATURES BY ANALYSES 1 AND 2; 

INS, EXP, M AND N ARE INSPIRATION, EXPIRATION, MOUTH AND NOSE, 

RESPECTIVELY; AMEAN IS ARITHMETIC MEAN; HMEAN IS HARMONIC MEAN; GMEAN 

IS GEOMETRIC MEAN; P(F) IS THE POWER SPECTRUM; F IS FREQUENCY .................................... 99 

Table 12 CORRELATION COEFFICIENTS BETWEEN THE ANTHROPOMETRIC 

PARAMETERS AND THE SOUND FEATURES; BMI IS BODY MASS INDEX, NC IS NECK 

CIRCUMFERENCE, MPS IS MALLAMPATI SCORE; FS IS FEATURE SELECTED ................................. 99 

Table 13 RESULTS OF THE ONE-, TWO- AND THREE-FEATURE COMBINATIONS 

SELECTED USING THE CONFOUNDING VARIABLE INSENSITIVE FEATURE CRITERIA; FS IS 

FEATURE SELECTED LABEL, AND N/A IS NOT APPLICABLE.......................................................... 100 



 

XIV 
 

Table 14 RESULTS OF THE ONE-, TWO- AND THREE-FEATURE COMBINATIONS 

SELECTED USING THE CONFOUNDING VARIABLE SENSITIVE FEATURE CRITERIA; FS IS 

FEATURE SELECTED LABEL, BMI IS BODY MASS INDEX, NC IS NECK CIRCUMFERENCE, 

MPS IS MALLAMPATI SCORE, ACC IS ACCURACY, SEN IS SENSITIVITY AND SPE IS 

SPECIFICITY .................................................................................................................................. 101 

Table 15 RESULTS OF THE ONE-, TWO AND THREE-FEATURE COMBINATIONS 

SELECTED USING THE CONFOUNDING VARIABLE SENSITIVE FEATURE CRITERIA ...................... 102 

Table 16 ANTHROPOMETRIC INFORMATION OF INDIVIDUALS WITH VOTING 

VALUE HIGHER THAN -0.7 AND LOWER THAN 0.4 FOR NON-OSA AND OSA GROUPS, 

RESPECTIVELY. OSA IS OBSTRUCTIVE SLEEP APNEA, VV IS VOTING VALUE, NC IS NECK 

CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE................................................................. 102 

Table 17 PARTICIPANTS’ ANTHROPOMETRIC INFORMATION. LEGEND: AHI: 

APNEA-HYPOPNEA INDEX, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: 

MALLAMPATI SCORE, M/F: MALE/FEMALE. ............................................................................... 127 

Table 18 DESCRIPTIONS AND DETAILS OF THE SELECTED FEATURES. LEGEND: 

INS/EXP: INSPIRATION/EXPIRATION, M/N: MOUTH/NOSE, MEAN: ARITHMETIC MEAN, 

GMEAN: GEOMETRIC MEAN, P(F): THE POWER SPECTRUM, B(F,F): THE BISPECTRUM, 

F: FREQUENCY, FN: FEATURE NUMBER, BM: BREATHING MANEUVER, SUBSET: SUBSET 

OF USAGE, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: MALLAMPATI 

SCORE, CC: THE CORRELATION COEFFICIENT WITH AHI. ALL CORRELATIONS WERE 

SIGNIFICANT AT p<0.01 LEVEL. ................................................................................................... 129 



 

XV 
 

Table 19 CORRELATION COEFFICIENT (CC) OF EACH FEATURE COMBINATION 

AND AHI AND CLASSIFICATION RESULTS USING FEATURE COMBINATIONS FOR EACH 

ANTHROPOMETRIC SUBSET SEPARATELY. LEGEND: CCDB: CC WITH THE LOGARITHM 

OF AHI, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: MALLAMPATI 

SCORE. ......................................................................................................................................... 131 

Table 20 ANTHROPOMETRIC INFORMATION OF ALL MISCLASSIFIED SUBJECTS 

WITHIN THE TRAINING DATASET (OUT OF THE BAG-VALIDATION) AND BLIND TESTING 

DATA. LEGEND: NC: NECK CIRCUMFERENCE, BMI: BODY MASS INDEX, MPS: 

MALLAMPATI SCORE. .................................................................................................................. 135 

Table 21 STUDY INDIVIDUALS’ ANTHROPOMETRIC INFORMATION. OSA IS 

OBSTRUCTIVE SLEEP APNEA, NC IS NECK CIRCUMFERENCE AND MPS IS MALLAMPATI 

SCORE. ......................................................................................................................................... 166 

Table 22 DESCRIPTIONS AND DETAILS OF THE SELECTED FEATURES. LEGEND: 

INS/EXP: INSPIRATION/EXPIRATION, M/N: MOUTH/NOSE, MEAN: ARITHMETIC MEAN, 

P(F): THE POWER SPECTRUM, B(F, F): THE BISPECTRUM, F: FREQUENCY, FL: FEATURE 

LABEL, AND BM: BREATHING MANEUVER. ................................................................................. 172 

Table 23 THE CORRELATION COEFFICIENTS BETWEEN THE 

ANTHROPOMETRIC/SOUND FEATURE AND THE PSG PARAMETERS. LEGEND: F#: 

FEATURE LABEL, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, AND REM: 

RAPID EYE MOVEMENT. .............................................................................................................. 173 

Table 24 THE CORRELATION COEFFICIENTS BETWEEN THE PSG PARAMETERS 

AND THE OUTCOMES OF THE 2ND ORDER MODEL FOR THE ENTIRE DATASET AND THE 



 

XVI 
 

TWO SEVERITY GROUPS SEPARATELY. LEGEND: F#: FEATURE LABEL, CCF1: 

CORRELATION COEFFICIENT BETWEEN FEATURE LABEL # AND THE PSG PARAMETER, 

CC2: COEFFICIENT CORRELATION WITH THE OUTCOMES OF THE 2ND ORDER MODEL, 

TOTAL: ALL DATA, <15: GROUP OF AHI<15, AND >15: GROUP OF AHI>15. ............................... 175 

Table 25 THE VALIDATION ACCURACY FOR CLASSIFYING DATA AROUND THE 

SELECTED THRESHOLD USING THE OUTCOMES OF THE 2ND ORDER MODELS FOR EACH 

OF THE THREE SEVERITY GROUPS SEPARATELY. LEGEND: F#: FEATURE LABEL, ACC2: 

VALIDATION CLASSIFICATION ACCURACY USING THE OUTCOMES OF THE 2ND ORDER 

MODELS, TOTAL: ALL DATA, <15: GROUP OF AHI<15, AND >15: GROUP OF AHI>15. ............... 178 

  



 

XVII 
 

List of Figures 

Figure 1. A typical breathing inspiratory phase tracheal sound signal (the 

bottom graph) and its envelope roughly representing its estimated flow (the top 

graph) with middle period identification. B) Our custom-made chamber showing the 

2-mm cone-shape space between the microphone and skin ...................................................... 26 

Figure 2. Average power spectra (solid line) of sum of the inspiration and 

expiration mouth breathing sounds’ spectra with their 95% confidence intervals 

(dashed lines) in the two groups of non-OSA (blue line) and OSA (red line). .............................. 29 

Figure 3. Zoomed in average power spectra (solid line) with their 95% 

confidence intervals (dashed lines) of the middle period of inspiratory tracheal sounds 

signals recorded during mouth breathing in supine position; averaged among the 105 

subjects for the two groups of non-OSA (blue line) and OSA (red line). ...................................... 30 

Figure 4. Box plot of Feature 1 between the two groups. Feature 1 was the 

ratio between the mean of sum of the inspiration and expiration mouth breathing 

sounds’ power spectra within 130 – 250 Hz and 1200 – 1300 Hz. ............................................... 32 

Figure 5. Box plot from Feature 2 between the two groups of non-OSA and 

OSA. Feature 2 was the slope of the inspiratory phase mouth breathing sounds’ power 

spectrum (in dB) within 210-350 Hz ............................................................................................. 32 

Figure 6 The flowchart of the feature reduction and selection procedure ...................... 35 

Figure 7. ROC plot of the classifier using the selected two features of the entire 

dataset (130 subjects). Feature 1 is the ratio between the mean of sum of the 



 

XVIII 
 

inspiration and expiration mouth breathing power spectra within 130 – 250 Hz and 

1200 – 1300 Hz; Feature 2 is the slope of the inspiratory phase mouth breathing 

sounds’ power spectrum (in dB) within 210-350 Hz. ................................................................... 40 

Figure 8. A) Scatter plot of the selected two features of the whole dataset (130 

subjects) with the resulted decision boundary. Feature 1 is the ratio between the 

mean of the summation between the inspiration and expiration power spectrums 

while breathing from mouth within 130 – 250 Hz and 1200 – 1300 Hz; Feature 2 is the 

slope of the power spectrum (in dB) of inspiration phase from mouth within 210-350 

Hz and. B) a clearer representation of the scatter plot using logarithm of Feature 1. ................ 40 

 Figure 9. Area under ROC curve using the selected 10 features within different 

subsets based on the anthropometric parameters; BMI is body mass index, NC is neck 

circumference, and MpS is mallampati score ............................................................................... 68 

 Figure 10. Coefficient of variation of the area under ROC curve and testing 

classification accuracy of the 10 features among different anthropometric parameters ........... 69 

 Figure 11. Coefficient of variation between the CV of the area under ROC 

curve and the CV of testing accuracy for the 10 features ............................................................ 69 

Figure 12. Decision making routine using anthropometric variable sensitive 

feature-combinations of three features; each SVM classifier is specified for a 

confounding variable. ................................................................................................................... 97 

Figure 13. Feature repetition in the one-, two and three-feature combinations 

all together selected using the confounding variable insensitive/sensitive feature 



 

XIX 
 

criteria; insensitive repetition was based on the highest six combinations selected 

based on the proposed criteria. Other features had a repetition of zero .................................. 104 

Figure 14. Scatter plot for testing classification decisions using the sensitive 

three-feature combination procedure. Scatter plots (a), (b), (c), and (d) show 

classification decisions for the high-age subset, the low-age subset, the high-BMI 

subset, and the high-MpS subset using the related three- feature combination, 

respectively; Blue and Red colors represent a non-OSA and an OSA individual, 

respectively; BMI is body mass index, and MpS is Mallampati score. ....................................... 105 

Figure 15. The AWakeOSA algorithm used for decision making routine using 

the weighted outcomes from each of the used anthropometric subsets classifiers. 

Legend: RF: Random-Forest; AHI: apnea-hypopnea index. ........................................................ 126 

Figure 16. Linear regression models of feature combinations selected for age 

≤50 (top) and male (bottom) subsets with the logarithm of AHI. Blue dots show the 

estimated logarithm of AHI values by the model. Legend: AHI: apnea-hypopnea index. 

CC: correlation coefficient. ......................................................................................................... 132 

Figure 17. Scatter plot for out of the bag-validation in the training dataset (top) 

and blind testing (bottom) classification decisions; Blue and Red colors represent non-

OSA and OSA individuals, respectively. ...................................................................................... 134 

Figure 18. The average power spectrum of the signal recorded from nose 

inspiration. Dotted lines represent the 95% confidence interval. Red color represents 

the OSA group. Blue color represents the non-OSA group. ....................................................... 141 

Figure 19. The workflow block diagram. AHI is apnea/hypopnea index. ....................... 147 



 

XX 
 

Figure 20. The average power spectrum of the signal recorded from mouth 

inspiration. Dotted lines represent the 95% confidence interval. Red and blue color 

curves represent the groups with more and less than a threshold of 91.7% mean 

SpO2% total TST, respectively. ................................................................................................... 170 

Figure 21. The average gap values among different breathing maneuvers for 

different thresholds of the Mean SpO2% Total TST ................................................................... 171 

Figure 22. The scatter plots between four PSG parameters and the 

anthropometric and sound features with the highest correlation coefficients with 

them. F#: feature label. .............................................................................................................. 174 

Figure 23. The scatter plots between four PSG parameters and the outcomes 

of the 2nd order model using three feature combinations. F#: feature label. ............................ 176 

Figure 24. The average power spectrum of the signal recorded from mouth 

inspiration. Dotted lines represent the 95% confidence interval. Red and blue color 

curves represent the groups with more and less than the threshold, respectively. ................. 177 

 

  



 

XXI 
 

List of Abbreviations 

             AHI Apnea-Hypopnea Index 

BMI Body Mass Index 

CC Correlation Coefficient  

CV Coefficient of Variation 

ECG Electrocardiogram 

EEG Electroencephalography 

EMG Electromyography 

EOG Electrooculogram 

FS Feature Selected 

MpS Mallampati Score 

NC Neck Circumference 

OCA Overall Classification Accuracy 

ODI Oxygen Desaturation Index 

OSA Obstructive Sleep Apnea 

Pave Average Power 

PI Positive Impact 

PSD Power Spectral Density 

PSG Polysomnography  

RDI Respiratory Disturbance Index  

REM Rapid Eye Movement 

ROC Receiver Operating Characteristics 

SDC Sleep Disorders Centre 

SNR Signal to Noise Ratio 

STD Standard Deviation 

SVM Support Vector Machine 

TST Total Time of Sleep 

UA Upper Airway 

VCA Validation Classification Accuracy 



 

1 
 

Chapter I - Introduction 

Motivation 

Obstructive sleep apnea (OSA) is a common disorder that affects more than 

10% of the US and Canada population and up to 1 billion people globally (Grote, 2019; 

Young, T. et al., 2008). It affects patients’ mental and physical health (ResMed, 2013) 

and can be life threatening as it is associated or is the cause of fatal vehicle accidents. 

OSA patients suffer from daytime sleepiness (causing car accidents), heart and 

neurological disorders, and more. However, it is an underdiagnosed disorder; more 

than 75% of severe OSA subjects are undiagnosed ( Young, T. et al., 2008). This 

problem is due to the high number of patients, expensive equipment, and limited 

resources. In addition, lacking OSA diagnosing prior to conducting a surgery requiring 

full anesthesia might lead to severe comorbidity or/and mortality after/during the 

operation (American Society of Anesthesiologists, 2006; Gross et al., 2014). Therefore, 

knowing about the disorder would reduce the probable complications due to 

executing a surgery. 

 Currently, there are three main diagnosis/screening assessments: 1) the gold 

standard sleep study (Polysomnography (PSG), type I) which provides the best 

accuracy and most details about the nature of the OSA disorder, but it is very 

expensive, time-and-resource-consuming (e.g., scoring 8 hours sleep data), and not 

comfortable to execute; 2) Type II, III, and IV sleep studies at home which provides 

reasonable accuracy with less expensive convenient tools, but it is time-consuming 
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(e.g., during sleep and require hours of data to be analyzed), and provides less details; 

and 3) Questionnaire which is fast (e.g., during wakefulness and require minutes of 

data to be analyzed), inexpensive, and convenient, but it provides very low accuracy 

and details, and it is subjective. 

Researchers show that patients suffering from OSA are characterized by 

deformation and stiffness in the upper airway (Finkelstein et al., 2014; Lan, Itoi, 

Takashima, Oda, & Tomoda, 2006). Therefore, we hypothesize that these 

deformations cause unique physical changes in the sounds produced in the upper 

airway (UA), and these changes can be detected by analyzing the tracheal breathing 

sounds recorded during wakefulness. 

In this research, we examined the use of tracheal breathing sounds recorded 

during wakefulness in diagnosing OSA by identifying the OSA severity group (Apnea-

Hypopnea index (AHI)<5 or AHI>10), then we checked the identification using only the 

anthropometric information then the combination of anthropometric and sound 

features; see chapter II. Following that, we investigated whether the anthropometric 

factors affected the tracheal breathing sounds; see chapter III. Then, we inspected 

selecting the sound features with the least and most sensitivity to anthropometric 

factors to be used for the OSA severity classification process; see chapter IV. Using the 

previous findings, we developed a new algorithm (AWakeOSA) which reduced the 

effect of the anthropometric information. AWakeOSA was used to screen for OSA 

with a threshold of AHI=15; see chapter V. We then investigated predicting some OSA 

severity parameters beyond AHI to show that using tracheal breathing sounds can 
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provide more information without executing the PSG assessment; see chapter VI. 

Therefore, this study provides a reliable and objective OSA screening tool with a high 

accuracy that can be conducted anywhere within a few minutes during the 

wakefulness state, and it can help in providing some information that would not be 

available except by executing a full-night sleep study. 
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Background 

Obstructive sleep apnea (OSA) is a sleep disorder that is characterized by 

repetitive episodes of complete (apnea) or partial (hypopnea) cessation of breathing 

due to pharyngeal collapse usually occurring after throat and tongue muscle 

relaxation. If such an event lasts at least 10 sec and is associated with >4% drop in 

blood oxygen saturation, it is called an apnea/hypopnea event. OSA is usually 

associated with an increase in heart rate and subsequent arousal from sleep to 

restore airway patency (American Academy of Sleep Medicine, 2005).  

Clinical signs and symptoms of OSA include lack of energy, morning headaches, 

depression, excessive daytime sleepiness, nighttime gasping and choking, sometimes 

snoring, and observed episodes of breathing cessation (Epstein et al., 2009). The 

severity of OSA is commonly determined by the apnea/hypopnea index (AHI) which is 

defined as the number of apnea/hypopnea episodes per hour of sleep. OSA severity is 

commonly divided into four groups, non-OSA [AHI: 0-5], mild [AHI: 5-15], moderate 

[AHI: 15-30], and severe [AHI≥30] (American Academy of Sleep Medicine, 2005). 

Studies have shown that male gender, obesity, aging, smoking, alcohol 

consumption, snoring, large neck circumference, Post-menopausal (for women), and 

large tonsils can increase the risk of developing OSA (Young, Terry et al., 2002). OSA is 

the most common (>75%) type of sleep apnea. Sleep apnea is a highly prevalent sleep 

disorder that affects about 10% of the population in Canada and US, while it is also 

believed there are many undiagnosed cases (Young, T. et al., 2008). In US, the added 

cost of untreated sleep apnea (direct and indirect costs) is estimated to be between 
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$65 and $165 billion annually (McKinsey & Company, December 2010). Therefore, 

lack of diagnosis and treatment of sleep apnea imposes a major cost to the healthcare 

system. 

OSA can significantly impact the quality of life. OSA is associated with various 

consequences, including an increased risk of developing heart disease, hypertension, 

stroke, depression, diabetes, and headaches, as well as traffic accidents (due to 

daytime sleepiness) (ResMed, 2013). These comorbidities may be worsened if OSA is 

not treated (Bonsignore, Baiamonte, Mazzuca, Castrogiovanni, & Marrone, 2019). 

Furthermore, not taking suitable precautions (due to lack of accurate and reliable 

screening tools for OSA) prior to full anesthesia of OSA patients undergoing a sugary 

may lead to perioperative morbidity and mortality (American Society of 

Anesthesiologists, 2006; Gross et al., 2014). 

The gold standard in determining the AHI and diagnosing sleep disorders is an 

overnight polysomnography (PSG) assessment. PSG involves recording brain waves, 

the oxygen level in the blood, heart rate, breathing, body position, and eye and leg 

movements. Therefore, PSG involves electroencephalography (EEG), 

electrooculogram (EOG), electromyography (EMG), electrocardiogram (ECG), pulse 

oximeter, and other devices. It requires patients to sleep for about 6 hours, and it 

requires a nurse and technician to record, collect and analyze the mentioned 

information/data. 

Performing a full PSG study requires the availability of equipment, sleeping 

rooms, and skilled sleep technicians; therefore, PSG is an expensive and time-
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consuming assessment, and that pose some challenges. As a result, there is a long 

waiting list of patients; in some places, the waiting time exceeds a year (Young, T. et 

al., 2008). In addition, over the last two decades, there has been about a 14 - 55% 

increase in the prevalence of sleep-disorder related breathing in adults (Peppard et 

al., 2013). The increased number of people in need of OSA diagnosis will increase the 

waiting time for undergoing the PSG study; thus, it may prevent severe cases from 

being diagnosed early enabling a suitable treatment in a short time frame.  

Currently, there are many portable monitoring devices for OSA used at homes, 

but they all require an overnight recording and later verified by a respirologist. This 

can pose a challenge for anesthesiologists as knowing about sleep apnea status of 

patients prior to any surgery, especially emergency surgery, requiring full anesthesia is 

crucially important in order to minimize the risk of perioperative morbidity or 

mortality after the surgery, because most of the respiratory complications after the 

surgery occur in patients with sleep apnea (Abrishami, Khajehdehi, & Chung, 2010; 

American Society of Anesthesiologists, 2006).  

Thus, it is important to screen patients for OSA prior to surgery. Currently, 

physicians commonly do screening using means of a subjective questionnaire (i.e., 

STOP-Bang, Berlin, Epworth sleepiness score etc.) (El-Sayed, 2012; Nagappa et al., 

2015) and anthropometric information (Young, Terry et al., 2002), such as age, 

weight, gender, etc.. Such questionnaires are easy to implement, fast, and 

inexpensive. Also, they can have a high sensitivity (~93%) but at the cost of a very poor 

specificity (10-36%) (El-Sayed, 2012; Nagappa et al., 2015). Any assessment with poor 
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specificity indirectly increases the referral to the PSG full study; thus, increases 

healthcare system costs. Consequently, they are not the most reliable screening tool 

for OSA. Accordingly, the need for a better solution to screen for OSA has massively 

increased. Such a solution will help in reducing the PSG waiting list and decreasing the 

plausible mortality rate and cost of perioperative management (American Society of 

Anesthesiologists, 2006; Chung & Elsaid, 2009; Gross et al., 2014). Furthermore, 

developing an objective screening tool that can give a physiological interpretation of 

the cause of the OSA disorder would be a significant step towards improving 

treatment.  

In this study, we investigated developing a quick and reliable objective 

screening tool during wakefulness using breathing sounds. In the following 

paragraphs, we will explain why using sound signals and mention other research 

groups developing tools using sound signals and our previous team contributions in 

this field. 

Some previous studies have used MRI/CT imaging on the upper airway during 

wakefulness to explore the existence of morphological and mechanical differences in 

individuals with various severity of OSA (Finkelstein et al., 2014; Lan et al., 2006). They 

have shown individuals with OSA are usually characterized by an increased pharyngeal 

length, a thick posterior, and a long/thick soft palate; thus, they have a narrower 

airway cavity in comparison to non-OSA individuals. Narrowing airway-cavity 

increases its collapsibility. Therefore, OSA individuals usually have more 

compliant/deformable airway than non-OSA ones (Lan et al., 2006; Malhotra et al., 
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2001). In addition, OSA individuals tend to have a circular velopharynx shape 

(compared to an elliptic shape with the long axis is oriented in the lateral plane in 

non-OSA individuals), which is claimed to be due to increased dilator-muscle activity 

during wakefulness and the thickness of the lateral pharyngeal muscular walls 

(Finkelstein et al., 2014). Furthermore, the dilator-muscle activity during wakefulness 

in high-OSA individuals is higher than that in non-OSA individuals (Malhotra et al., 

2001; Mezzanotte, Tangel, & White, 1991); that stiffens the pharyngeal airway, 

leading to preserving the airway patency (Kuna, 2000). As the breathing sounds are 

generated by the airflow turbulence in the airway, the airway structural changes are 

expected to affect the breathing sounds. We hypothesize such effects (e.g., 

narrowing, stiffness, etc.) are detectable by breathing sound analysis during 

wakefulness. 

Considering the above findings and rationale, the goal of our team and a few 

other research teams around the globe have been to screen for OSA and its severity 

during wakefulness by breathing sounds or voice analyses (Goldshtein, Tarasiuk, & 

Zigel, 2011; Karimi, 2012; Montazeri, Giannouli, & Moussavi, 2012; Solà-Soler, Fiz, 

Torres, & Jané, 2014). These efforts have provided higher classification accuracies 

than the questionnaire, but they have used unbalanced (unequal number and un-

matched for important confounding variables) OSA groups and/or relatively small 

sample sizes. From others’ studies, an algorithm using the acoustic pharyngometry 

achieved training sensitivity and specificity of 89.0% and 94.0%, respectively, for two 

unbalanced groups of non-OSA (respiratory disturbance index (RDI) <5, n = 16) and 
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OSA (RDI >5, n = 54) (Jung, Cho, Grunstein, & Yee, 2004); no test accuracy was 

reported. An algorithm using the effects of body posture on the speech signals 

showed testing sensitivity and specificity of 92.7% and 80.0%, respectively, for two 

small unbalanced groups of non-OSA (AHI≤10, n = 12) and OSA (AHI >10, n = 23) 

(Kriboy, Tarasiuk, & Zigel, 2014). An algorithm using sound features extracted from 

speech signals resulted in testing sensitivity and specificity of 79.0% and 83.0%, 

respectively, for two unbalanced males’ groups of non-OSA (AHI ≤10, n = 12) and OSA 

(AHI>10, n = 48), and testing sensitivity and specificity of 84.0% and 86.0%, 

respectively, for two small unbalanced female groups of non-OSA (AHI ≤5, n = 14) and 

OSA (AHI >5, n = 19) (Goldshtein et al., 2011). An algorithm using a combination of 

breathing sound features and anthropometric information achieved testing sensitivity 

and specificity of 88.9% and 84.6%, respectively, for two small balanced-groups of 

non-mild-moderate OSA (AHI <30, n = 10) and severe-OSA (AHI >30, n = 13) (Solà-

Soler et al., 2014).  

From our team studies, an algorithm reported by (Montazeri et al., 2012) used 

tracheal breathing sounds spectral analysis along with Kurtosis and Katz fractal 

dimensions to extract statistical features to distinguish between non-apneic (AHI<5, n 

= 17) and apneic (AHI>30, n = 35) individuals; they reported 92.9% sensitivity, 75.0% 

specificity. However, due to the small sample size, the features were derived from the 

entire sample size; thus, the test results can be considered as biased. In addition, an 

algorithm reported by (Karimi, 2012) used spectral and bispectral analyses of the 

tracheal breathing sounds to extract statistical features to distinguish between three 
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groups (i.e., mild (70 subjects), moderate (32 subjects) and severe (17 subjects) OSA); 

using a leave-one-out routine prior to feature selection, they achieved accuracies of 

75.0%, 64.0%, and 71.0% for the three groups of non-, mild- and severe OSA, 

respectively as the unbiased test accuracies. 
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Goals and Objectives 

The overall goal of this study is to investigate developing a quick, accurate, and 

reliable objective OSA screening tool using anthropometric information and breathing 

sounds during wakefulness for identifying OSA-severity and predicting some PSG 

parameters.  

The specific objectives of this study are: 

1. Develop a new algorithm for the classification of apneic individuals (AHI≤5 and 

AHI≥10) with reliable and improved sensitivity and specificity using tracheal 

breathing sounds spectra during wakefulness.  

2. Compare the resulted accuracies from using the same previous algorithm with 

the anthropometric features and with and without the sound features. 

3. Discuss the physiological interpretation of the sound features in relation to the 

upper airway structural changes due to OSA. 

4. Investigate the effect of anthropometric parameters on the breathing sound 

features. 

5. Investigate which sound features show the highest AUC of receiver operating 

characteristics (ROC), high testing classification accuracy, high correlation to 

AHI in the supine position, and the least dependence on anthropometric 

parameters in general. 

6. Investigate whether it would make a difference in our classification accuracy 

and reliability if we subdivided our dataset into groups that are matched in one 

of the anthropometric parameters.  
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7. Find the sound features with the least effect produced by the confounding 

variables, and use those to classify the entire database. 

8. Find the best (providing the highest testing classification accuracy) sound 

features in each anthropometric parameter subgroup, and classify each 

subject’s data in each subgroup followed by a general decision-making routine. 

9. Find the relationship between the PSG parameters and breathing sounds and 

anthropometric features to predict the PSG parameters.  
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Thesis Organization 

This document is composed of seven chapters. This first chapter has 

introduced the key concepts, motivations, and objectives of the thesis. The following 

chapters consist of individual manuscripts including four published papers in peer-

reviewed journals (Chapters II, III, IV, and V) and one manuscript which will shortly be 

submitted for publication (Chapters VI). Chapter II deals with objectives 1, 2 and 3, 

chapter III deals with objectives 4 and 5, chapter IV deals with objectives 5 and 6, 

chapter V deals with objectives 7 and 8, and chapter VI deals with objective 9. Chapter 

IX is a summary of the five papers and their results, as well as a discussion of 

suggested future projects related to this work. 
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Chapter II - Obstructive Sleep Apnea Screening and Airway Structure 

Characterization during Wakefulness Using Tracheal Breathing Sounds 

Synopsis 

This chapter discusses using tracheal breathing sounds in screening for OSA 

during wakefulness in a few minutes. It also compares using anthropometric 

information with and without sound features with the proposed machine learning 

algorithm. This chapter also provides an interpretation of the relation between the 

selected sound features and the pathophysiology of the OSA disorder. This study was 

published in the journal Annals of Biomedical Engineering 2017 Mar, article ID 

27600685, DOI: 10.1007/s10439-016-1720-5, Authors: Ahmed Elwali and Zahra 

Moussavi. 

Abstract 

Screening for obstructive sleep apnea (OSA) disorder during wakefulness is 

challenging. In this paper, we present a set of tracheal breathing sounds 

characteristics with classification power for separating individuals with 

apnea/hypopnea index (AHI) ≥ 10 (OSA group) from those with AHI ≤ 5 (non-OSA 

group) during wakefulness. Tracheal breathing sound signals were recorded during 

wakefulness in supine position; subjects were instructed to have a few deep breaths 

through their nose, then through their mouth. Study participants were 147 individuals 

(80 males) referred to overnight polysomnography (PSG) assessment; their AHI scores 

were collected after their overnight-PSG study was completed. The signals were 
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normalized; then, their power spectra were estimated. After conducting a multi-stage 

process for feature extraction and selection on a subset of training data, two spectral 

features showing significant differences between the two groups were selected for 

classification. These features showed a correlation of 0.42 with AHI. A 2-class support 

vector machine (SVM) classifier with a linear kernel was used. Following this, an 

exhaustive Leave-two-out cross-validation was performed. The overall accuracies 

were 83.8% and 83.9% for training and testing datasets, respectively, while the overall 

sensitivity and specificity of the test datasets were 82.6% and 85.2%, respectively. We 

also applied the same method for anthropometric information (i.e., age, weight, etc.) 

as features, and they resulted in an overall accuracy of 77.6% and 76.2% for training 

and testing datasets, respectively. The results of this study show a superior 

classification power of respiratory sound features compared to anthropometric 

features for a quick screening of OSA during wakefulness. The relationship of the 

sound features and known morphological upper airway structure of OSA subjects are 

also discussed. 
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Introduction 

Sleep apnea is a highly prevalent sleep disorder that affects about 10% of the 

population in Canada and US, while it is also believed there are many undiagnosed 

cases (Young, T. et al., 2008). Lack of diagnosis and treatment of sleep apnea impose a 

major cost to the healthcare system; in US the added cost on untreated sleep apnea 

(direct and indirect costs) is estimated to be between $65 and $165 billion annually 

(McKinsey & Company, December 2010). 

Obstructive sleep apnea (OSA), which is the most common (>75%) type of 

sleep apnea, is characterized by repetitive episodes of complete (apnea) or partial 

(hypopnea) cessation of breathing due to pharyngeal collapse usually occurring after 

throat and tongue muscle relaxation. If such an event lasts at least 10 sec, it is called 

an apnea/hypopnea event which is usually associated with >3% drop in blood oxygen 

saturation, and sometimes a subsequent arousal from sleep to restore airway patency 

and an increase in heart rate (American Academy of Sleep Medicine, 2005). Signs and 

symptoms of OSA include lack of energy, morning headaches, depression, daytime 

sleepiness, nighttime gasping and choking, and sometimes snoring. 

The severity of OSA is commonly determined by the apnea/hypopnea index 

(AHI) which is defined as the number of apnea/hypopnea episodes per hour of sleep. 

Commonly an AHI in the ranges of [0-5], [5-15], [15-30] and [>30] are referred as non-, 

mild-, moderate- and severe-OSA, respectively. The gold standard in determining the 

AHI and sleep apnea assessment is an overnight polysomnography (PSG) assessment; 

PSG is an expensive and time-consuming assessment and often has a long waiting list 
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(3-12 months). This can pose a challenge for anesthesiologists as knowing about sleep 

apnea status of patients prior to any surgery requiring full anesthesia is crucially 

important in order to minimize the risk of perioperative morbidity or mortality after 

the surgery because most of the respiratory complications after the surgery occur in 

patients with sleep apnea (Abrishami et al., 2010; American Society of 

Anesthesiologists, 2006). Thus, it is important to screen patients for OSA prior to 

surgery; however, PSG is not often the option due to its time-consuming nature. 

Currently, such screening is done by means of a subjective questionnaire (i.e., STOP-

Bang, Berlin, etc.) (El-Sayed, 2012) and use of anthropometric information (Young, 

Terry et al., 2002), such as age, weight, gender, etc., that can have a high sensitivity 

but at the cost of a very poor specificity (~10%) (El-Sayed, 2012). In this paper, we 

report on a quick and reliable objective screening tool during wakefulness for 

identifying individuals with moderate and severe OSA. 

Some previous studies have used MRI/CT imaging on upper airway during 

wakefulness to explore the existence of morphological and mechanical differences in 

individuals with various severity of OSA (Finkelstein et al., 2014; Lan et al., 2006). They 

have shown individuals with OSA are usually characterized by an increased pharyngeal 

length, a thick posterior, and a long/thick soft palate; thus, they have a narrower 

airway cavity in comparison to non-OSA individuals. Narrowing airway-cavity 

increases its collapsibility. Therefore, OSA individuals usually have more 

compliant/deformable airway than non-OSA ones (Lan et al., 2006; Malhotra et al., 

2001). In addition, OSA individuals tend to have a circular velopharynx shape 
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(compared to an elliptic shape with the long axis is oriented in the lateral plane in 

non-OSA individuals), which is claimed to be due to increased dilator-muscle activity 

during wakefulness and the thickness of the lateral pharyngeal muscular walls 

(Finkelstein et al., 2014). Furthermore, the dilator-muscle activity during wakefulness 

in high-OSA individuals is higher than that in non-OSA individuals (Malhotra et al., 

2001; Mezzanotte et al., 1991); that stiffens the pharyngeal airway, leading to 

preserving the airway patency (Kuna, 2000). As the breathing sounds are generated 

by the airflow turbulence in the airway, the airway structural changes are expected to 

affect the breathing sounds. We hypothesize such effects (narrowing, stiffness, etc.) 

are detectable by breathing sounds analysis during wakefulness. 

Considering the above findings and rationale, the goal of our team and a few 

other research teams around the globe have been to screen for OSA and its severity 

during wakefulness by breathing sounds or voice analysis (Goldshtein et al., 2011; 

Karimi, 2012; Montazeri et al., 2012). The study reported by (Goldshtein et al., 2011) 

recorded speech using text-dependent speech protocol from 67 OSA individuals (48 

males) with AHI >5 and 26 non-OSA (AHI <5, 12 males) subjects; their classification 

system based on the Gaussian mixture model using features of vocal tract length and 

linear prediction coefficients resulted in 83% sensitivity and 79% specificity for men 

and 86% sensitivity and 74% specificity for women on the testing dataset using leave-

one-out cross-validation. The study reported by (Montazeri et al., 2012) used tracheal 

breathing sounds spectral analysis along with Kurtosis and Katz fractal dimensions to 

extract statistical features to distinguish between non-apneic (17 subjects with AHI<5) 
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and apneic (35 subjects with AHI>30) individuals; they reported 92.9% sensitivity, 

75.0% specificity; however, due to small sample size the features were derived from 

the entire sample size; thus, the test results can be considered as biased. The study 

reported by (Karimi, 2012) used spectral and bispectral analyses of the tracheal 

breathing sounds to extract statistical features to distinguish between three groups 

(i.e., mild, moderate and severe OSA); using a leave-one-out routine prior to feature 

selection, they achieved accuracies of 75%, 64%, and 71% for the three groups of non-

, mild- and severe OSA, respectively as the unbiased test accuracies. 

In this study, we introduce a new algorithm for classification of apneic 

individuals with reliable and improved sensitivity and specificity using tracheal 

breathing sounds spectra during wakefulness. For comparison, we also applied the 

same classification method to the anthropometric features, such as age, height, etc., 

with and without the sound features; the results are discussed. In addition, we discuss 

the physiological interpretation of the sound features in relation to the upper airway 

structural changes due to OSA. 
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Methodology 

Data Collection 

Participants 

Through our ongoing study, data of 250 individuals referred for overnight PSG 

assessment at the Misericordia Health Center (Winnipeg, Canada) were used. The 

study was approved by the Biomedical Research Ethics Board of the University of 

Manitoba, and all study subjects signed an informed consent form prior to our study. 

Out of the 250 data records, data of 103 individuals were excluded from analysis due 

to environmental noises as explained below. Anthropometric information of the 

analyzed subjects (147) is presented in Table 1. 

Table 1 STUDY SUBJECTS’ ANTHROPOMETRIC INFORMATION. GRADES 0, 1, AND 2 FOR 
SMOKING HISTORY (SH) REPRESENT NON-SMOKER, PAST SMOKER, AND CURRENT 
SMOKER, RESPECTIVELY. NC IS NECK CIRCUMFERENCE, AND MPS IS MALLAMPATI 
SCORE 
 AHI Age Gender BMI SH NC Height Weight MpS 

Non-OSA 
(AHI≤5, 
n=61) 

1.1 ± 
1.3 

48.6 ± 
14.6 

21 M, 
40 F 

30.6 ± 6.9 
28 ‘0’, 9 ‘1’ 
and 16 ‘2’ 

38.3 ± 
4.2 

165.9 ± 
10.3 

83.9 ± 
20.2 

33 ’I’, 14 ‘II’, 6 
‘III’ and 8 ‘IV’ 

Gap subjects 
(5<AHI<10, 
n=17) 

7.3 ± 
1.5 

52.4 ± 
12.2 

8 M, 9 F 35.4 ± 7.1 
9 ‘0’, 5 ‘1’ 
and 1 ‘2’ 

40.6 ± 
7.7 

169.3 ± 
8.3 

103.1 ± 
22.0 

10 ’I’, 1 ‘II’, 4 
‘III’ and 1 ‘IV’ 

OSA 
(AHI>10, 
n=69) 

42.2 ± 
34.0 

54.2 ± 
11.7 

51 M, 
18 F 

37.1 ± 8.8 
31 ‘0’, 21 ‘1’ 
and 8 ‘2’ 

43.8 ± 
4.3 

170.1 ± 
9.2 

105.2 ± 
26.7 

15 ’I’, 22 ‘II’, 20 
‘III’ and 12 ‘IV’ 

Recording protocol 

Data of our study were collected prior to the PSG assessment during 

wakefulness. AHI values of the participants along with their anthropometric 

information were collected later from sleep lab records. Breathing sounds were 
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recorded using a Sony microphone (ECM77B) inserted into a plastic chamber with a 2-

mm cone-shape space between the microphone and skin (Fig. 1). The microphone 

was placed over suprasternal notch of the trachea using a double-sided adhesive ring 

tape. The acoustic signals were amplified, band-pass filtered (0.05-5000 Hz, Biopac 

DA100C), and sampled at 10,240 Hz. Recordings were made in supine position with 

head resting on a pillow. Subjects were instructed to breathe 5 full deep breathing 

cycles through their nose with mouth closed, followed by 5 deep breaths through 

their mouth while wearing a nose clip. All recordings started with an inspiration 

phase, and marked by the voice of an experimenter.  

 

Figure 1. A typical breathing inspiratory phase tracheal sound signal (the bottom 
graph) and its envelope roughly representing its estimated flow (the top graph) with 
middle period identification. B) Our custom-made chamber showing the 2-mm cone-
shape space between the microphone and skin 
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Preprocessing 

In the first stage of preprocessing, all recorded signals were investigated 

manually using MatlabTM by listening and inspecting the signals in the time-frequency 

domain to exclude the breathing phases or cycles having artifacts, vocal noises, tones, 

interruption or very low signal to noise ratio (SNR) compared to the background noise. 

Any signal with less than two breath cycles was excluded from analysis. Then, from 

the remaining noise-free breathing sound signals of each nose and mouth breathing 

maneuvers, inspiratory and expiratory sounds were extracted and saved in separate 

files. As a result of this stage, out of 250 subjects’ recordings, data of 147 subjects 

were selected for analysis.  

Second, each breathing sound phase was filtered individually using the 

Butterworth band-pass [75-3000 Hz] filter of order 4; filtering was done to reduce the 

effects of heartbeats, muscle motion, plausible 60 Hz harmonics and background 

noise. Third, each filtered signal was normalized by its variance envelope (i.e., a 

smoothed version of itself using the Moving Average method of 64 samples sequence) 

(Gavriely & Cugell, 1995), and then by its energy (standard deviation) to remove the 

effect of plausible airflow fluctuation between the breathing cycles. 

Next, using logarithm of the variance of each phase signal that is 

representative of the respiratory flow (Yadollahi, A. & Moussavi, 2007), the 50% 

duration around the maximum of each breathing phase was selected for further 

analysis (Fig. 1); this duration corresponds roughly to upper 40% of the respiratory 

airflow in each breathing phase, within which the breathing sound signal can be 
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considered approximately stationary. Next, the power spectrum of each middle 

period of the breathing sound signals was computed, and averaged between the 

phases of each signal. The power spectrum was calculated using the Welch method 

(Proakis, 2006) with 256 samples window size (25 milliseconds), 50% overlapping 

between adjacent windows. 

The above pre-processing procedure was applied to data of 147 subjects. 

Using their AHI values determined by PSG assessment in the night after our data 

recording, the preprocessed data were divided into two groups: non-OSA subjects 

with AHI ≤ 5 and OSA subjects with AHI ≥10 for further analysis. The remaining 

subjects from the gap between these two groups (5< AHI <10) were dealt with 

separately (the reason is explained in the Discussion section).  Out of the data in the 

two groups of OSA and non-OSA, we used a subset of randomly selected 105 subjects 

(56 non-OSA and 49 OSA) for investigating the characteristic features with most 

differences between the two groups.  

Feature Extraction 

Our frequency band of interest for tracheal sounds is 100-2500 Hz 

(Pasterkamp, Kraman, & Wodicka, 1997). Features were extracted from the non-

overlapping area between the average spectra and their 95% confidence intervals of 

the non-OSA and OSA groups. Figures 2 and 3 show the zoomed-in [100 -1500 Hz] and 

[100 -500 Hz] average spectra of the mouth breathing signals of the two groups along 

with their 95% confidence intervals (calculated from their standard error of the 105 

samples). Features such as average power of the non-overlapped area of the spectra 



 

29 
 

and also from different combinations of the spectra (e.g., summation and/or 

subtraction of inspiration and expiration phases from the mouth and nose signals, 

etc.) were computed and checked to see if they were statistically different (p-value 

<0.05) between the two groups using an unpaired t-test. Overall, 26 features showed 

a discrimination potential between the two groups.  

 

Figure 2. Average power spectra (solid line) of sum of the inspiration and expiration 
mouth breathing sounds’ spectra with their 95% confidence intervals (dashed lines) in 
the two groups of non-OSA (blue line) and OSA (red line). 
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Figure 3. Zoomed in average power spectra (solid line) with their 95% confidence 
intervals (dashed lines) of the middle period of inspiratory tracheal sounds signals 
recorded during mouth breathing in supine position; averaged among the 105 
subjects for the two groups of non-OSA (blue line) and OSA (red line). 

Feature Reduction and Selection 

Feature reduction was performed in two steps. First, we used an unpaired t-

test for each feature between the two groups of 105 subjects. Then, the features (11) 

with the lowest p-values (p<10-4) from the extracted 26 features were selected for 

further analysis; the reason to select such low p-value for threshold is explained in 

“Appendix” section. Figures 4 and 5 show the statistical differences in the mean 

values of the two groups (non-OSA and OSA) for two features. The objective of the 

second step feature reduction was to select the best discriminative 2-3 features out of 

the 11 features that passed our strict feature reduction and selection procedure; the 

number of 2-3 was chosen arbitrary and for the convenience and speed of calculation 

of the ultimate algorithm, in addition, to avoid overfitting problem from having too 
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many features used for final classification. At this step, we used the entire available 

dataset of non-OSA and OSA groups (130 subjects with AHI≥10 and AHI≤5). To avoid 

overfitting problem and keeping the training and testing groups separated, we used 

an exhaustive two-leave-out routine by leaving out one subject from each of the two 

groups for testing and keeping the others for training till each subject was used as a 

test at least once; however, we did this routine for all possible combinations of the 

two subjects of the two groups. The number of possible combinations equals to the 

number of subjects in group 1 multiplied by the number of subjects in group 2. As an 

example, if we have 6 subjects in group 1 and 4 subjects in group 2, the first testing 

combination is 1st subject in group 1 and 1st subject in group 2; second testing 

combination would be 1st subject in group 1 and 2nd subject in group 2; etc.. Then, 

continue creating combinations using the 2nd subject in group 1 with each subject in 

group 2. Thus, in total for this example, we will have 6 x 4 different combinations 

(folds) for testing and 24 different combinations for training. The feature reduction 

method at this stage is the backbone of our proposed algorithm; thus, it is explained 

in detail below. 
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Figure 4. Box plot of Feature 1 between the two groups. Feature 1 was the ratio 
between the mean of sum of the inspiration and expiration mouth breathing sounds’ 
power spectra within 130 – 250 Hz and 1200 – 1300 Hz. 

 

Figure 5. Box plot from Feature 2 between the two groups of non-OSA and OSA. 
Feature 2 was the slope of the inspiratory phase mouth breathing sounds’ power 
spectrum (in dB) within 210-350 Hz  

At each iteration, two subjects (one subject’s data from each group) were left 

out as a testing dataset, and the other subjects’ data were used for training. Within 

each iteration t-test between the two groups of the training set was performed again. 

Six out of the 11 features with the lowest p-values were selected to classify the 
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training dataset into two groups of non-OSA and OSA using three-feature support 

vector machine (SVM) classifiers with linear kernel and regularization parameter of 1. 

All three features combinations, 3 out of 6 features (20 different combinations), were 

used in classifying the training dataset, and each combination resulted in a 

classification accuracy. The 3-feature combination with the highest classification 

accuracy was stored in a list. This procedure was repeated for every iteration of our 

exhaustive leave-two-out routine; this, along with iterations within the 3-feature SVM 

combinations, resulted in 4209 iterations.  

After the above routine finished, the list consisted of 3-feature combinations 

that achieved the highest classification accuracies in all folds. Each row in the list 

consisted of three features and their classification accuracy. The number of 

repetitions of each feature in this list was computed; obviously, a higher repetition for 

a feature implies the feature is more robust to the sample variation between the two 

groups. The most repeated three features (Eqs. 1-3) were: 1) the ratio between the 

mean of the sum of the power spectra of both inspiration and expiration phases in 

130-250 Hz over 1200-1300 Hz while breathing through the mouth (4208 times), 2) 

the slope of the power spectrum (in dB) of the inspiration phase within 210-350 Hz 

while breathing through the mouth (4209 times), and 3) the ratio between the mean 

of the power spectra of inspiration phase in 130-260 Hz over 150-1400 Hz while 

breathing through the mouth (4209 times); they are presented mathematically below. 

Figure 6 shows the flow chart of the feature reduction and selection.  



 

34 
 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒 1 =  
∑ [𝑃𝐼𝑛𝑠𝑀(𝑓)+𝑃𝐸𝑥𝑝𝑀(𝑓)]/(250−130+1) 

𝑓=250
𝑓=130

∑ [𝑃𝐼𝑛𝑠𝑀(𝑓)+𝑃𝐸𝑥𝑝𝑀(𝑓)] 
𝑓=1300
𝑓=1200

/(1300−1200+1)
 (1), 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒 2 = 𝑠𝑙𝑜𝑝𝑒𝑓=210
𝑓=350

[10 𝑋 𝑙𝑜𝑔10(𝑃𝐼𝑛𝑠𝑀(𝑓))] (2), 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒 3 =  
∑ [𝑃𝐼𝑛𝑠𝑀(𝑓)]/(260−130+1) 

𝑓=260
𝑓=130

∑ [𝑃𝐼𝑛𝑠𝑀(𝑓)] 
𝑓=1400
𝑓=150

/(1400−150+1)
  (3), 

where P(f) represents power spectrum, Ins and Exp represent inspiration and 

expiration breathing phases, and M represent mouth-breathing maneuver.  
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Figure 6 The flowchart of the feature reduction and selection procedure 
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Finally, since features 1 and 3 were approximately from the same frequency 

band and were indeed correlated (correlation factor of 0.6 and p=3 × 10−10), we 

selected only one of them. Since feature 3 did not add any new information to the 

feature 1 and 2 combination in terms of classification accuracy, we selected features 1 

and 2 for final classification. Furthermore, receiver operated characteristic (ROC) has 

been conducted using the two selected features to check the quality of the classifier. 

Classification and testing  

Using the selected two features, a 2-class SVM classifier with linear kernel and 

regularization parameter of one was developed to classify non-OSA and OSA groups 

(130 subjects) through another exhaustive leave-two-out cross-validation. The 

average testing and training accuracies were computed after conducting all iterations.  

Last, the additional subjects from the group with AHI values between the two 

groups (5≤AHI<10) were also classified using the two selected features with the 2-

class SVM classifier (training data was the whole dataset, 130 subjects). 

Anthropometric information as features 

We also investigated whether using anthropometric information as features 

either on their own or in addition to the sounds features would improve the accuracy. 

Thus, body mass index (BMI), Mallampati score (Mallampati et al., 1985), gender, age, 

weight and height were extracted from the participants’ datasheet. Following the 

same procedure that was performed for sound features classification, a 2-class 2-

feature SVM classifier was developed using all two features combinations of the 
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anthropometric features, as well as using all three features combinations. After that, a 

2-class SVM classifier was used with the selected two sound features and different 

combinations of the anthropometric features to obtain the highest accuracies and the 

best sound and anthropometric feature combination.  All results had the leave-two-

out cross-validation strategy applied as before with the sound features. 
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Results 

 Mainly, the data were divided into two groups: 61 non-OSA subjects (20 

males, AHI ≤ 5) and 69 OSA subjects (51 males, AHI ≥10); the gap between these two 

groups (5< AHI <10) has 17 subjects. 

The features that were extracted from the non-overlapping area between the 

average spectra and their 95% confidence intervals of the non-OSA and OSA groups 

and showed significant differences between the two groups were average power 

(Pave) in [130-250] Hz, average power (Pave) in [1100-1350] Hz, average power (Pave) in 

[2000-2350] Hz, ratio between the Pave of [150-260] Hz and the Pave of [150-1400] Hz, 

Ratio between the Pave of  [130-260] Hz and the Pave of [1200-1300] Hz, slope of the 

power spectrum (in dB) in [210-350] Hz, standard deviation of the power spectrum in 

[150-450] Hz, the variation in the power spectrum slope in [150-2000] Hz, statistical 

skewness of the power spectrum in [120-600] Hz, frequency of the highest peak of the 

power spectrum in  [60-400] Hz, skewness of the spectrum in  [120-450] Hz, kurtosis 

of the spectrum in [1250-1450] Hz, and mean of the absolute difference of the power 

spectrum in  [1100-1350] Hz between inspiration and expiration. 

The two final selected features, from the feature reduction and selection 

section in the methodology, were: (1) the ratio between the mean of the inspiration 

and expiration phases’ summation of the power spectra band 130-250 Hz over 1200-

1300 Hz band while breathing through the mouth, and (2) the slope of the power 

spectrum (in dB) of the inspiration phase within 210-350 Hz band while breathing 

through the mouth. Figures 2 and 3 show the regions that the two final selected 
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features were extracted; as can be seen, non-OSA group show higher power than the 

OSA group at low frequencies (≤350 Hz) and an opposite behavior at high frequencies 

(≥350 Hz). In addition, it shows a higher power variability in OSA group than in non-

OSA group at high frequencies (≥1000 Hz) and an opposite behavior at low 

frequencies (≤500 Hz), and a wider frequency bandwidth (≤600 Hz) for OSA group 

than that in non-OSA group.  

The correlation coefficients between AHI and features were found to be -0.32 

(p=0.7) and 0.47 (𝑝 = 3.3 × 10−13) for features 1 and 2, respectively. The two 

features were found to be statistically significantly different from each other 

(𝑝 = 7 × 10−12). Figure 7 shows the ROC curve, which resulted in 88.2% area under 

the curve. Figure 8 shows the scatter plot of the selected two features for a visual 

discrimination between non-OSA and OSA groups. Figures 4 and 5 show the graphs 

resulted from conducting t-test on the two final features between non-OSA and OSA 

groups; p-values were 8.37 x 10−09 and 1.6 x 10−12 for features 1 and 2, respectively. 
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Figure 7. ROC plot of the classifier using the selected two features of the entire 
dataset (130 subjects). Feature 1 is the ratio between the mean of sum of the 
inspiration and expiration mouth breathing power spectra within 130 – 250 Hz and 
1200 – 1300 Hz; Feature 2 is the slope of the inspiratory phase mouth breathing 
sounds’ power spectrum (in dB) within 210-350 Hz. 

 

 

Figure 8. A) Scatter plot of the selected two features of the whole dataset (130 
subjects) with the resulted decision boundary. Feature 1 is the ratio between the 
mean of the summation between the inspiration and expiration power spectrums 
while breathing from mouth within 130 – 250 Hz and 1200 – 1300 Hz; Feature 2 is the 
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slope of the power spectrum (in dB) of inspiration phase from mouth within 210-350 
Hz and. B) a clearer representation of the scatter plot using logarithm of Feature 1. 

After performing leave-two-out cross-validation on the training and testing 

datasets (i.e., 61 normal-OSA subjects and 69 high-OSA subjects), the resultant 

classification accuracies were found to be 83.8% and 83.9% for training and testing 

datasets, respectively. The sensitivity and specificity of the test dataset were 82.6% 

and 85.2%, respectively. Table 2 details on classification accuracies of the two groups, 

and Table 3 shows the anthropometric information of the misclassified cases. 

Table 2 CLASSIFICATION RESULTS USING TWO SOUNDS FEATURES 

 
Classifying using two selected sound features 

Avg. accuracy % Avg. Sensitivity % Avg. Specificity % 

Training datasets 83.8 ± 0.4 83.9 ± 0.7 85.2 ± 0.6 

Testing datasets 83.9 82.6 85.2 

Subjects with (5 ≤ AHI ≤ 
10, n= 17) 

11 subjects to non-OSA group 
(64.7%) 

6 subjects to OSA group (35.3%) 

Table 3 MISCLASSIFIED SUBJECT’S ANTHROPOMETRIC INFORMATION. SAME AS IN 
TABLE 1. 
 AHI Age Gender BMI SH NC Height Weight MpS 

Non-OSA 
(AHI≤5, n=9) 

1.7 ± 
1.6 

60.1 ± 
6.3 

5 M, 4 F 
32.1 ± 
7.6 

0 ‘0’, 3 ‘1’ 
and 5 ‘2’ 

40.8 ± 
5.0 

165.8 ± 
9.9 

86.9 ± 
13.9 

4 ’I’, 1 ‘II’, 1 ‘III’ 
and 3 ‘IV’ 

OSA (AHI>10, 
n=12) 

31.4 ± 
34.0 

53.8 ± 
10.2 

9 M, 3 F 
34.2 ± 
6.6 

3 ‘0’, 4 ‘1’ 
and 3 ‘2’ 

42.6 ± 
4.0 

169.9 ± 
6.6 

97.9 ± 
22.6 

4 ’I’, 3 ‘II’, 3 ‘III’ 
and 2 ‘IV’ 

The 17 subjects with an AHI between the two groups of OSA and non-OSA 

(5<AHI<10) were classified using the same classifier with the final selected two 

features. As shown in Table 2, last row, 11 of these subjects (64.7%) were classified as 

non-OSA and the other 6 subjects (35.3%) were classified as OSA group. 

Using the anthropometric information as features without the aid of sounds 

features with a 2-class SVM classifier resulted in 77.6% and 76.6% average 

classification accuracies for training and testing datasets, respectively. Sensitivity and 

specificity of the test dataset were found to be 75.4% and 77.0%, respectively; see 



 

42 
 

Table 4 for different results of various combinations using only the anthropometric 

features. These results were about 10% lower than the accuracies obtained by sounds 

features. However, using one of the subsets of anthropometric features in addition to 

the selected two sound features resulted in slightly higher accuracies than using the 

sounds features only. Maximum accuracies obtained from their combination were an 

86.0% and 84.5% for training and testing datasets, respectively; see Table 5 for 

details.   

Table 4 CLASSIFICATION RESULTS USING ANTHROPOMETRIC FEATURES. G, H, W, MPS 
REPRESENT GENDER, HEIGHT, WEIGHT AND MALLAMPATI SCORE, RESPECTIVELY. 
  BMI+G H+W G+MpS BMI+age+W BMI+W+MpS H+W+MpS BMI+age+

G 

Training 

Accuracy % 73.5 ± 0.8 64.6 ± 1 69.2 ± 0.5 73.0 ± 0.8 71.2 ± 1 70.7 ± 1.2 77.6 ± 0.7 

Sensitivity % 79.5 ± 0.9 56.8 ± 2 72.5 ± 0.7 75.7 ± 1.5 72.0 ± 1.4 69.4 ± 1.9 76.6 ± 0.9 

Specificity % 66.7 ± 2.1 73.5 ± 1 65.6 ± 0.8 69.9 ± 1.4 70.2 ± 1.6 72.2 ± 1.1 78.7 ± 1 

Testing 

Accuracy % 72.1 64.2 69.0 71.8 69.8 69.1 76.2 

Sensitivity % 78.6 55.8 72.5 74.7 70.9 67.7 75.4 

Specificity % 65.6 72.7 65.6 69.0 68.7 70.5 77.0 

Table 5 CLASSIFICATION RESULTS OF THE TWO SOUND FEATURES WITH DIFFERENT 
COMBINATIONS OF ANTHROPOMETRIC FEATURES AND THE SELECTED SOUND 
FEATURES. G, H, W, MPS REPRESENT GENDER, HEIGHT, WEIGHT AND MALLAMPATI 
SCORE, RESPECTIVELY. 
  The two sound features + 

  BMI+G H+W G+MpS BMI+age+W BMI+W+MpS H+W+MpS BMI+age+G 

Training 

Accuracy % 83.9 ± 0.7 
83.6 
± 0.7 

84.8 ± 
1.0 

84.2 ± 0.6 83.4 ± 0.7 82.6 ± 0.8 86.0 ± 0.4 

Sensitivity % 87.0 ± 0.6 
84.1 
± 0.5 

86.2 ± 
1.3 

84.8± 0.8 84.6 ± 1.2 84.4 ± 0.9 88.5 ± 0.6 

Specificity % 80.4 ± 1.3 
83.0 
± 1.3 

83.2 ± 1 83.6 ± 0.7 82.2 ± 1.3 80.6 ± 1.0 83.2 ± 0.9 

Testing 

Accuracy % 82.9 82.5 82.8 83.1 82.2 82.2 84.5 

Sensitivity % 86.8 82.8 83.5 82.6 84.0 84.1 88.2 

Specificity % 79.0 82.2 82.1 83.6 80.4 80.3 80.9 
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Discussion 

Using breathing sounds during sleep to determine apnea and/or hypopnea is 

relatively straight forward and have been done in the past (Yadollahi, Azadeh, 

Giannouli, & Moussavi, 2010). On the other hand, predicting the OSA severity from 

breathing sounds during wakefulness is very challenging. It is challenging because 

even in severely apneic individuals the probable changes in their upper airway 

structure due to OSA are masked and compensated by the increased dilator-muscle 

activity during wakefulness (Mezzanotte et al., 1991); for this reason, apneic 

individuals can breathe without problem even during intense exercise during 

wakefulness. While our team along with others around the globe have been 

investigating this research area for a number of years, this study is proposing a novel 

and robust method for the first time that is superior to previous methods as it has 

relatively a large data set, it is unbiased (uses separate training and testing datasets) 

and has high accuracy for both training and testing datasets (implying of the 

robustness of the proposed method). In addition, the final trained classification 

scheme uses only two spectral features; thus, the final algorithm is very fast and 

computationally efficient. 

The final two spectral features selected in this study were found to be 

statistically significantly different from each other (t-test, 𝑝 = 7 × 10−12); they 

showed a high correlation with AHI (~0.4) and high classification power between OSA 

and non-OSA groups.  In addition, the ROC of the classifier using the selected two 

features (Fig. 7) shows high performance with 88.2% area under the curve; this 
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indicates the robustness of the classifier with these two features. Furthermore, as our 

dataset has been heterogeneous in terms of anthropometric information (age, BMI, 

smoking history, etc.), we expect the two selected features to be representative of 

OSA in a larger population as well. 

In this study, we also investigated whether our proposed classification scheme 

can screen OSA using only anthropometric information and whether combining them 

with the sound features would increase the accuracy. The classification results using 

only anthropometric information with our classification scheme were found to be 

about 10% lower than those when using only breathing sounds features (Table 4). On 

the other hand, when we combined anthropometric and sounds features, the 

classification results were found to be only about 1% higher than those using only 

sound features (Table 5). As the anthropometric characteristics do affect the 

breathing sounds, it is not surprising that the sound features have those 

characteristics embedded and perform superiorly as they characterize the upper 

airway structure dynamically within one breath.  

When using only the sounds features, the overall accuracy was 83.9%; 21 

subjects were misclassified, out of which 9 were from non-OSA group and 12 were 

from OSA group. Further investigation of the misclassified subjects revealed that 18 of 

the misclassified subjects were from the 105 subjects used for feature extraction and 

only 3 subjects were from the 25 independent test subjects (Table 3). These results 

confirm the robustness of the features and classification method, and that the larger 

size of the dataset to derive features did not bias the classification results. Comparing 
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the anthropometric info of the misclassified cases with the entire sample population 

in this study (Table 1 and 2) reveals that overall, the non-OSA misclassified individuals 

are characterized with higher age and being current smokers; however, the OSA 

misclassified individuals are not characterized with any obvious difference. Thus, we 

may speculate that age and smoking state are more important characteristics to be 

matched between the controls and OSA subjects when using breathing sound 

features for classification. 

As mentioned in the Method section, we allowed a small gap in the AHI values 

of our two main groups of OSA and non-OSA. It is important to note that indeed there 

is not much difference between the OSA pathology and its effect on the breathing 

sound between two individuals with similar AHI, for example with AHI values of 10 

and 8. One should also bear in mind the continuous nature of AHI values is in contrast 

to the artificially crisp nature of a border-line. It is unreasonable to expect that short 

recordings of breathing sounds during wakefulness would be able to mark such fine 

differences. For these reasons, we did not assign any classification accuracy for the 17 

subjects in the middle group, but we did run our trained classifier using the two 

spectral features on these subjects. The results (Table 2) shows 11 out of 17 subjects 

(64.7%) were classified to non-OSA group and the rest to OSA group. Given that the 

average AHI value of these subjects was 7.32 (9 out 17 had AHI < 7.5), it was expected 

to have a more tendency towards non-OSA classification, which was indeed the case. 

One of the reasons for the superior performance of the proposed method in 

this paper is probably due to its preprocessing stage. Having clean, accurate, and the 
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most valuable parts of signals are quite important for getting beneficial information 

which truly represents the available cases. A Butterworth bandpass filter with linear 

phase was used to filter out the effects of heartbeats, muscle motion, and low- and 

high-frequency background noises on the tracheal breathing sounds.  The middle part 

of the breathing phase was used because during this period the change of flow is 

minimal (it almost platues); thus, the sound signal can be considered as a stationary 

signal within that period; this assumption is necessary for spectral estimation 

(Moussavi, Zahra K., Leopando, & Rempel, 1998). Normalization step is also quite 

important to remove the effect of respiratory flow fluctuation from breath to breath 

and also from subject to subject. Normalizing the sounds signal by their standard 

deviation is to compensate for plausible small variations (Yadollahi, Azadeh & 

Moussavi, 2007). In addition, the periodic action of breathing causes the sounds to be 

nonstationary with having some fluctuations that could not be eliminated by just 

filtering the signal; thus, the signals were divided by their variance envelope to 

eliminate these fluctuations in order to have a more likely stationary signal (Gavriely 

& Cugell, 1995). The window size of 25 ms for spectral calculation provides a 

reasonable frequency resolution. Our interested frequency band is from 100 to 2500 

Hz to avoid heart sounds, power line interferences, muscle motions, and low/high-

frequency noises. 

The first set of features (26) were calculated intuitively based on what could 

be representative of the pathophysiology of OSA, and also eyeballing the spectral 

changes of average ± the 95% confidence intervals between the two groups. Since 
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these features were not completely independent of each other, we reduced the 

number of features (to 11) by running an unpaired t-test, as described before, for the 

sake of reducing the computational cost of the algorithm.  SVM classifier was chosen 

to provide an optimal separating hyperplane that guarantees maximum margin 

between the two groups; linear kernel was selected to avoid training overfitting 

problem that would be experienced by using non-linear kernels; regularization 

parameter of 1 was used to avoid the effect of the plausible outliers in the training 

data (Cortes & Vapnik, 1995). Thus, we used SVM with linear kernel in this study in an 

exhaustive cross-validation routine. As known, having more combinations (folds) 

during cross-validation provide a lesser biased classification routine (Arlot & Celisse, 

2010). Therefore, we chose leave-two-out because, when running in an exhaustive 

manner in this study, it is more conservative due to trying all possible combinations; 

thus, it results in a lesser classification bias, and it is more reliable than leave-one-out. 

In the following paragraphs, we provide a discussion on the rationale of our 

hypothesis and the selected sound features in the light of physiological findings of the 

upper airway structure. 

We hypothesized that since sleep apnea changes the upper airway structure, 

then its effect should be reflected on the tracheal breathing sounds even during 

wakefulness. The results of this study provide an encouraging support for this 

hypothesis. Most striking support is from the selected features that resulted in high 

accuracy; these features are congruent with findings of our previous study on a 

separate dataset (Moussavi, Z., Elwali, Soltanzadeh, MacGregor, & Lithgow, 2015). 
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The final selected features are both from the sounds power spectra; thus, the changes 

in power spectra of the breathing sounds in relation to the effect of OSA on upper 

airway are elaborated as the following.  

Several MRI/CT studies show that the upper airway cavity of OSA individuals is 

narrower than that in a non-OSA subject due to thicker/longer velum, thicker 

posterior, and shorter pharyngeal width (Finkelstein et al., 2014; Lan et al., 2006). 

Consequently, upper airway cavity most likely gets narrower with increasing AHI. On 

the other hand, the upper airway has been modeled as a cascade of T-circuits, where 

the cross-section area is modeled as a resistor in parallel to a capacitor (Harper, 

Kraman, Pasterkamp, & Wodicka, 2001). In this type of modeling, pressure and flow 

are analogous to voltage and current, respectively. Narrowing airway decreases cross-

sectional area, and that increases the resistance of that particular section of airway. A 

higher resistance absorbs more power, and this effect is much more significant at low 

frequencies because the net impedance of a capacitor parallel with a resistor would 

be higher. Assuming that the amplitude of the sounds (in Volts) is analogous to the 

pressure and also that the subjects breathed at almost the same flow rate, then it 

makes sense to have a lower power at low frequencies (more power absorption) in 

OSA group compared to that of the non-OSA group (Fig. 2). 

In addition, the upper airway of OSA individuals is also characterized by a more 

collapsible and deformable airway (Finkelstein et al., 2014; Lan et al., 2006; Malhotra 

et al., 2001). The study in (Finkelstein et al., 2014), on a large population (306 males 

with OSA and 64 non-OSA and non-snorer males), showed a predominantly 
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velopharynx narrowing in majority (85%) of OSA subjects and only in 12.5% of the 

control group. Reduced pharyngeal cavity results in higher compliance leading to 

more collapsibility in OSA population. The shape of narrowed airway in OSA subjects 

has been found predominantly bottle-shaped due to the increase in dilator-muscle 

activities which work on maintaining airway patency during wakefulness (Finkelstein 

et al., 2014); this suggests regional stiffening in the neck of the bottle shape of the 

OSA group. Thus, the upper airway of OSA subjects may show both more stiffness and 

compliance compared to non-OSA subjects. Stiffness facilitates more energy at higher 

frequencies, and that is what is seen in Fig. 2. 

In summary, the breathing sounds spectral patterns in the two groups of OSA 

and non-OSA are congruent with upper airway structural changes due to OSA 

confirmed by imaging studies. The extracted features are physiologically meaningful 

and correlated with AHI. The proposed classification method has been shown to be 

robust and provide unbiased high accuracy in separating OSA from non-OSA 

population. The process of selecting the best characteristic features in this study has 

been exhaustive, but once we are sure about the features, the final classification 

algorithm is very fast and computationally efficient that can identify the classification 

of a new test subject in a few seconds. Overall, the results are very encouraging to use 

breathing sound analysis during wakefulness for a quick and reliable screening; such 

tool can be of particular interest to be applied to patients prior to a surgery requiring 

full anesthesia.  Finding a robust method for identifying the severity of OSA among 

moderate and severe apneic individuals is a future goal.  
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Appendix A 

When one has n number of dependent variables (i.e. features) and is 

investigating which one of them is statistically significant between two groups 

(independent variables), and let the p-value for each individual test to be 0.05, then 

the significance level of the entire set of experiments will be 1-(1-0.05)n. For example, 

if n=20, then the p-value of the entire test will be 0.6415. Obviously, a significant 

result will be meaningless with such high value. Thus, in such cases, to have a 

meaningful significant result, the p-value of each test must be set such that the p-

value of the entire set will become less than 0.05. In other words, to satisfy the 

statistical significance of 0.95, the p-value of each test must be less than 1-(1-0.05)1/n 

(Benjamini & Hochberg, 1995; Simes, 1986). In our study, we had 26 features, and we 

desired the significance level of the entire test to be lesser than 0.01; therefore, the 

significance value of each test must be lesser than 1-(1-0.01)1/26=0.0003. 
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Chapter III - Determining Breathing Sound Features Representative of 

Obstructive Sleep Apnea during Wakefulness with Least Sensitivity to 

other Risk Factors Screening Obstructive Sleep Apnea during 

Wakefulness 

Synopsis 

This chapter discusses the effect of the anthropometric factors on tracheal 

breathing sounds, and how to get reliable sound features for classifying OSA groups. 

This study was published in the Journal of Medical and Biological Engineering 2019 

April, Volume 39, Issue 2, pp 230–237, DOI: 10.1007/s40846-018-0410-1, Authors: 

Ahmed Elwali and Zahra Moussavi. 

Abstract 

Obstructive sleep apnea (OSA) is one of the most common sleep disorders. 

OSA is also considered associated with some anthropometric risk factors such as sex, 

body mass index, age, etc. The anthropometric characteristics are used to screen for 

OSA during wakefulness when there is no time for a sleep study. However, in general, 

they provide a poor specificity (~20%). Our proposed alternative screening OSA using 

tracheal breathing sound analysis during wakefulness has shown significantly higher 

specificity with a reasonable sensitivity. In this study, we investigated the effects of 

anthropometric characteristics on the breathing sounds and how they may affect the 

accuracy to detect OSA during wakefulness. Tracheal breathing sounds of 114 

https://link.springer.com/journal/40846/39/2/page/1
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individuals (66 with apnea/hypopnea index (AHI) <15 and 48 with AHI >15) were 

recorded during wakefulness in supine position. Spectra and bi-spectra of the signals 

of mild and severe OSA groups were analyzed to extract the most discriminative 

Tracheal breathing sounds features between the two groups. Then, the plausible 

effects of anthropometric characteristics on the breathing sounds were investigated. 

Results showed that different risk factors do affect the breathing sounds independent 

of OSA severity. In addition, our results suggest it is possible to find the best features 

with high sensitivity to OSA severity and least sensitivity to the confounding variables. 

A description of those features is provided in this paper. In conclusion, reducing the 

effects of the risk factors on the breathing sound features would result in a more 

reliable OSA screening tool. 
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Introduction 

Obstructive sleep apnea (OSA) disorder is a common syndrome characterized 

by repetitive episodes of complete (apnea) or partial (hypopnea) pharyngeal collapse 

during sleep that last more than 10 seconds and usually are associated with a drop of 

more than 4% in blood’s oxygen level (American Academy of Sleep Medicine, 2005). 

OSA can impact the quality of life of the affected people significantly. OSA is 

associated with various consequences including an increased risk of developing heart 

disease, hypertension, stroke, depression, diabetes, and headaches, as well as traffic 

accidents (due to daytime sleepiness) (ResMed, 2013). Furthermore, OSA increases 

perioperative morbidity and/or mortality (American Society of Anesthesiologists, 

2006). Thus, a quick diagnosis of OSA, and therefore being able to treat the OSA, 

would reduce the mentioned risks (American Society of Anesthesiologists, 2006).   

Sleep apnea severity is measured by apnea/hypopnea index (AHI) which is the 

number of apnea and hypopnea events per hour of sleep. The gold standard for sleep 

apnea diagnosis is Polysomnography (PSG). However, the availability of equipment, 

sleeping rooms, and skilled sleep technicians pose some challenges. As a result, PSG 

assessment usually has a long waiting list (Young, T. et al., 2008).  

The long waiting list associated with PSG obstructs patients from conducting 

an objective OSA diagnosis quickly; that is crucial, particularly for patients undergoing 

a surgery requiring full anesthesia. Therefore, physicians commonly use subjective 

OSA screening tools such as STOP-BANG questionnaire (El-Sayed, 2012; Nagappa et 

al., 2015).  
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Subjective tools, such as questionnaires, are easy to implement, fast, and 

inexpensive, but they have a very poor specificity (10 - 36%) (El-Sayed, 2012; Nagappa 

et al., 2015). Consequently, they are not the most reliable screening tool for OSA. 

Accordingly, the need for a better solution to screen for OSA has massively increased. 

Such a solution will help in reducing the PSG waiting list and decreasing the plausible 

mortality rate and cost of perioperative management. 

Several research groups around the globe are working on finding objective 

alternative tests using sound analysis to screen for OSA during wakefulness 

(Goldshtein et al., 2011; Karimi, 2012; Montazeri et al., 2012; Solà-Soler et al., 2014). 

In our previous work, we showed that tracheal breathing sounds analysis could be 

used for screening OSA during wakefulness. It showed a high testing classification 

accuracy of 84% with a comparable specificity and sensitivity between non-OSA (AHI 

≤5) and OSA (AHI ≥10) groups (Elwali & Moussavi, 2017).  

Our previous work (Elwali & Moussavi, 2017) has shown a significant 

superiority of using tracheal breathing sound features during wakefulness over the 

use of the anthropometric information for screening OSA, but the effect of 

anthropometric parameters on the breathing sound features was not investigated. 

Anthropometric characteristics, such as sex, body mass index (BMI) and age are risk 

factors for developing OSA (Young, Terry et al., 2002). They have shown their impact 

on the morphology of the upper airway structure (Schwab et al., 2003; Shelton, 

Woodson, Gay, & Suratt, 1993). Thus, it is expected that anthropometric parameters 

have an impact on the tracheal breathing sounds. 
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In this work, our main objective was to investigate which sound features show 

the highest receiver operating characteristics (ROC), high testing classification 

accuracy, high correlation to AHI in supine position, and the least dependence on 

anthropometric parameters in general. 
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Methodology 

Data 

This study was approved by the Biomedical Research Ethics Board of the 

University of Manitoba (Winnipeg, Manitoba, Canada), and all participants signed an 

informed consent form prior to their participation in the study. Data were collected 

from 186 individuals suspected of OSA referred for full PSG assessment at the 

Misericordia Sleep Center in Winnipeg. The participants’ AHI were collected after 

their PSG were assessed by a sleep technician. 

In supine position, during wakefulness, and before the participant was 

prepared for PSG assessment, a microphone was placed over his/her suprasternal 

notch of the trachea to record breathing sounds. For each participant, the sound of 5 

full deep breathing cycles through their nose with mouth closed, followed by 5 deep 

breaths through their mouth while wearing a nose clip were recorded. 

Since our wakefulness data were recorded in supine position, we considered 

the severity of OSA based on supine AHI and not the total AHI. For that reason, we 

excluded data of those participants who had not slept in supine position for at least 

an hour. Thus, data of 114 individuals were selected for the analysis. The signals of 

the dataset were divided into two groups: non-OSA group (n=66, AHI <15) and OSA 

group (n=48, AHI >15). Note that a participant with an AHI between 5 and 15 is 

diagnosed with a mild OSA. In this paper, for simplicity and given the fact that a 

participant with an AHI <15 does not usually require a treatment (Littner, 2007; 
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Medscape, Aug 23, 2016), we refer to the group of AHI <15 as non-OSA. The 

anthropometric parameters of the analyzed individuals are presented in Table 6. 

Table 6 STUDY PARTICIPANTS’ ANTHROPOMETRIC PARAMETERS. NC IS NECK 
CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE 
 AHISupine Age (Year) Sex BMI (Kg/m2) NC (Cm) Height (Cm) Weight (Kg) MpS 

Non-OSA 
(AHI<15, n=66) 

3.92 ± 
4.5 

47.2 ± 12.9 28 M, 
38 F 

30.3 ± 6.6 38.5 ± 3.8 167.4 ± 10.6 84.6 ± 19.6 34 ’I’, 16 ‘II’, 9 
‘III’ and 7 ‘IV’ 

OSA (AHI>15, 
n=48) 

57.1 ± 
34.3 

49.6 ± 12.7 40 M, 
8 F 

34.3 ± 7.5 44.1 ± 3.5 170.5 ± 10.5 100.2 ± 21.2 17 ’I’, 16 ‘II’, 9 
‘III’ and 6 ‘IV’ 

Signal Preprocessing and Analysis, and Feature Extraction 

As the mechanism of breathing is different in inspiration and expiration 

phases, the breathing sounds were separated into inspiratory and expiratory sounds; 

all our recording data were marked by its first inspiratory phase at the time of 

recording for 100% accuracy of phase detection. Then, each breathing phase sound 

was investigated manually by visual and auditory means in time-frequency domain 

using its spectrogram. Any corrupted signal was excluded from the analysis. Then, 

each signal was bandpass filtered and normalized; for more details about this 

preprocessing stage, please see our previous work (Elwali & Moussavi, 2017). For each 

sound signal after the preprocessing stage, we estimated the power spectrum density 

(PSD) using the Welch method (Proakis, 2006), the bispectrum using the indirect class 

of conventional bispectrum estimator (Nikias & Raghuveer, 1987), Hurst exponent, 

and Katz and Higuchi fractal dimensions (Higuchi, 1988; Katz, 1988).  

Based on our previous pilot studies [11], the frequency band of interest was 

100–2500 Hz (Pasterkamp et al., 1997). Spectral and higher-order statistical features 

(i.e., mean, standard deviation, spectral entropy, skewness and kurtosis, spectral 

centroid, etc.) were extracted from the non-overlapping area between the average 
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spectra/bispectra and their 95% confidence intervals within the 100-2500 Hz 

frequency band. The rest of the features were evaluated by analyzing Katz and 

Higuchi fractal dimensions and Hurst exponent. 

Feature Reduction 

Data of 81 participants (50 from non-OSA and 36 from OSA groups) were used 

for the feature reduction stage. For each extracted feature, p-value, using unpaired t-

test, area under the curve of ROC (ROC gives an indication of the ability of a test to 

differentiate between two groups (Zweig & Campbell, 1993)), and classification 

accuracy (using a support vector machine (SVM) classifier with a linear kernel) 

between the two groups were computed. In addition, the correlation coefficients 

between the features and AHISupine were computed. Out of the initially extracted 412 

sound features, 48 features were selected for further analyses based on the following 

criterion: 1) p-value between the two OSA groups for the feature is ≤ 0.05, 2) any two 

features with an in-between correlation coefficient 0.95> r >0.8 and p-value >0.05, 

the feature with the lower area under ROC curve was rejected, 3) any two features 

with an in-between correlation coefficient ≥0.95, the feature with the lower area 

under ROC curve was rejected, and 4) any feature with a correlation coefficient with 

AHISupine <0.3 was rejected. 

Out of the 48 features, the 10 features that resulted in the highest area under 

ROC curve, correlation coefficient to the AHISupine and classification accuracy between 

the two groups were selected for further analysis; for features definitions, see Table 

7. Using the entire 114 participants’ data, the p-value between the two groups for 
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these ten features was evaluated using t-test. In addition, the correlation between 

each feature and AHISupine was computed. Furthermore, the correlation between each 

risk factor and AHISupine, and between each feature and each risk factor were 

computed. Moreover, using a support vector machine (SVM) classifier with a linear 

kernel, testing classification accuracy through a leave-one-out routine was calculated 

for each feature. 

Table 7 THE EQUATIONS OF THE SELECTED 10 FEATURES; INSM IS MOUTH 
INSPIRATORY BREATHING PHASE; EXPM IS MOUTH EXPIRATORY BREATHING PHASE; 
INSN IS NOSE INSPIRATORY BREATHING PHASE; AMEAN IS ARITHMETIC MEAN; 
HMEAN IS HARMONIC MEAN; GMEAN IS GEOMETRIC MEAN; F-2F IS THE RELATION 
BETWEEN THE FREQUENCY AND ITS DOUBLE; P(F) IS THE POWER SPECTRUM. 
Feature Definition 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒1 =   𝐴𝑚𝑒𝑎𝑛(𝑃𝐼𝑛𝑠𝑀(𝑓) 𝑖𝑛 𝑑𝐵)𝑓=150
𝑓=250

−  𝐴𝑚𝑒𝑎𝑛(𝑃𝐼𝑛𝑠𝑀(𝑓) 𝑖𝑛 𝑑𝐵)𝑓=1050
𝑓=1650

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒2 =   𝐴𝑚𝑒𝑎𝑛(𝑃𝐼𝑛𝑠𝑀(𝑓) 𝑖𝑛 𝑑𝐵)𝑓=1250
𝑓=1400

 

Feature3= decreasing function of the 𝑃𝐼𝑛𝑠𝑀(𝑓)in db within 250-450 Hz 

Feature4 = Spectral Centroid of the 𝑃𝐼𝑛𝑠𝑀(𝑓)in db within 150-550 Hz 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒5 =  
∑ 𝑃𝐼𝑛𝑠𝑀(𝑓)

𝑓=250
𝑓=150

∑ 𝑃𝐼𝑛𝑠𝑀(𝑓)
𝑓=250
𝑓=150 +  ∑ 𝑃𝐼𝑛𝑠𝑀(𝑓)

𝑓=1500
𝑓=1200

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒6 =  𝑆𝑙𝑜𝑝𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑃𝐸𝑥𝑝𝑀(𝑓)𝑖𝑛 𝑑𝑏 𝑤𝑖𝑡ℎ𝑖𝑛 200 − 480 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒7 =  𝐴𝑚𝑒𝑎𝑛 (𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑛 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝐼𝑛𝑠𝑀 𝑓1=100
𝑓2=220

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒8 =  𝐹𝑢𝑛𝑑𝑎𝑚𝑒𝑛𝑡𝑎𝑙 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑖𝑜𝑛 𝑢𝑠𝑖𝑛𝑔 𝑧𝑒𝑟𝑜 − 𝑐𝑟𝑜𝑠𝑠𝑖𝑛𝑔 𝑡𝑒𝑐ℎ𝑛𝑖𝑞𝑢𝑒 𝑤𝑖𝑡ℎ 𝑎 𝑐𝑢𝑡
− 𝑜𝑓𝑓 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 1600 𝐻𝑧 𝑓𝑜𝑟 𝐼𝑛𝑠𝑀 

Feature9 = the second-order bispectral moment of the amplitudes on the diagonal within 100-300 Hz 
using InsM 

Feature10 = Amean of the diagonal of the bispectrum within 100-220 Hz using InsM 

Features and Anthropometric Parameters 

To investigate the effect of anthropometric parameters on the sounds 

features, the participants’ data were divided into different subsets based on the 

anthropometric parameters, and each subset had the two OSA groups. The subsets 

were based on sex (male/female), BMI <35 and BMI ≥35, neck circumference (NC) ≤40 

and NC >40, and age ≤50, age >50.  Then, using each sound feature for each subset 
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separately, the area under ROC curve, the p-value between the two groups, the 

correlation with AHISupine, and the testing classification accuracy were evaluated. 

The coefficient of variation (CV) of the area under ROC curves, and the CV of 

the testing classification accuracies among the different subsets were computed for 

each sound feature, separately. Furthermore, the CV between the CV of the area 

under ROC curves, and the CV of the testing classification accuracies was computed 

for each sound feature. Finally, features with CVs ≤0.12 and a variation less than 0.2 

were selected as the sound features with the least dependency on the anthropometric 

parameters. 
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Results 

Anthropometric parameters’ statistics of the two groups are reported in Table 

6. After the first stage feature reduction, the number of selected sound features were 

48. These features showed significant differences (p-value <0.05) between the two 

groups, low correlations among themselves (r <0.8) and high area under ROC curve 

(ROC >0.6).  

Out of these 48 features, ten features with the highest area under ROC curve 

were selected after the second stage of feature reduction. Table 7 shows the 

definitions of the ten features; these features are listed in a descending order based 

on the area under ROC curve. Using the entire dataset, these features showed a 

minimum area under ROC curve of 71.0%, a maximum p-value of 1.88 x 10-4, a 

minimum correlation coefficient with AHISupine of 0.349, and a minimum testing 

classification accuracy of 65.8%; see Table 8 for more details. The maximum 

correlation coefficients between AHISupine and the sound features, AHISupine and the 

risk factors, and sound features and risk factors are -0.566 (feature 5), 0.571 (NC), and 

0.524 (feature 2 and NC), respectively; for more details about the other correlation 

coefficients, please see Tables 8 and 9. 

Table 8 RESULTS OF THE SELECTED 10 FEATURES (USING THE TOTAL DATASET); P 
VALUES ARE BETWEEN THE TWO OSA GROUPS, AND CORRELATION COEFFICIENTS ARE 
BETWEEN THE FEATURE AND AHISUPINE. 

Feature 
label 

ROC curve p-value 
Correlation 
coefficient with 
AHISupine 

Testing 
classification 
accuracy 

Testing 
Sensitivity 

Testing 
Specificity 

F1 77.4% 9.57E-07 -0.510 72.8% 62.5% 80.3% 

F2 79.5% 5.29E-08 0.508 71.9% 75.0% 69.7% 

F3 75.3% 5.95E-07 0.529 67.5% 66.7% 68.2% 

F4 74.1% 7.37E-06 0.538 69.3% 58.3% 77.3% 
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F5 79.8% 1.19E-07 -0.566 75.4% 60.4% 86.4% 

F6 73.7% 1.38E-06 0.523 68.4% 60.4% 74.2% 

F7 74.8% 0.000010 -0.461 70.2% 75.0% 66.7% 

F8 73.0% 0.000188 0.424 70.2% 58.3% 78.8% 

F9 73.2% 1.65E-05 -0.511 66.7% 47.9% 80.3% 

F10 73.0% 5.04E-05 -0.458 68.4% 70.8% 66.7% 

Table 9 CORRELATION COEFFICIENTS BETWEEN THE SOUND FEATURES AND RISK 
FACTORS, AND BETWEEN THE RISK FACTORS AND AHISUPINE; BMI IS BODY MASS 
INDEX, NC IS NECK CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE 

Features BMI Age Sex NC MpS 

F1 -0.367 0.017 0.223 -0.460 -0.190 

F2 0.230 -0.022 -0.472 0.524 0.277 

F3 0.292 0.039 -0.322 0.475 0.136 

F4 0.263 0.024 -0.264 0.414 0.214 

F5 -0.364 0.004 0.285 -0.508 -0.247 

F6 0.146 0.153 -0.309 0.415 0.255 

F7 -0.311 -0.053 0.197 -0.443 -0.149 

F8 0.351 -0.023 -0.152 0.406 0.150 

F9 -0.301 -0.095 0.198 -0.441 -0.183 

F10 -0.338 -0.045 0.133 -0.405 -0.149 

AHISupine 0.327 -0.001 -0.344 0.571 0.259 

For each subset, the area under the ROC curve of each single feature is shown 

in Fig. 9. As can be seen, the subset of MpS >2 has approximately the highest areas 

under ROC curves of all sound features except Feature 2. On the contrary, the subset 

of NC <=40 has approximately the lowest areas under the ROC curves of all the sound 

features. The CVs for the area under ROC curve and the testing accuracy among 

different subsets for each feature are shown in Fig 10. Finally, for each feature, Fig. 11 

shows the coefficient of variation of the two CV measurements presented in Fig 10. 

From Figs 10 and 11, features 2, 3, 4, 7, 9 and 10 show a low CV value (≤0.12), and a 

low variation (<0.2) of the two CV values of the ROC and testing classification 

accuracy; for the details of the selected features, see Tables 7 and 8. From Table 8, it 

is shown that features 2, 3, 7 and 10 provide the highest areas under the ROC curves 
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and correlation coefficients with the AHISupine, reasonable testing classification 

accuracies, comparable testing sensitivity and specificity values, and the least 

dependent on the risk factors. 

 Figure 9. Area under ROC curve using the selected 10 features within different 
subsets based on the anthropometric parameters; BMI is body mass index, NC is neck 
circumference, and MpS is mallampati score 
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 Figure 10. Coefficient of variation of the area under ROC curve and testing 
classification accuracy of the 10 features among different anthropometric parameters 

 Figure 11. Coefficient of variation between the CV of the area under ROC curve and 
the CV of testing accuracy for the 10 features 
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Discussion 

The results of this study show that the anthropometric parameters affect the 

breathing sound features. However, it is possible to find the sound features with the 

least effect of confounding variables using the proposed methodology based on ROC, 

testing classification, correlation with AHISupine, and variation measures.  

Screening OSA subjectively has been done since 1990’s, especially using a 

questionnaire such as STOP-BANG (El-Sayed, 2012; Nagappa et al., 2015). These 

subjective solutions did not prevent the growing waiting list on conducting the gold 

standard diagnosis PSG. Furthermore, they did not provide an accurate, reliable and 

efficient tool for screening patients undergoing surgeries requiring full anesthesia 

(American Society of Anesthesiologists, 2006; El-Sayed, 2012). Consequently, an 

objective screening tool providing comparable specificity and sensitivity percentages 

is very desirable.  

Analyzing tracheal breathing sounds during wakefulness for screening OSA has 

shown promising results (Elwali & Moussavi, 2017). Reducing the effects of the 

anthropometric information on the extracted sound features is important to 

strengthen the reliability of the diagnostic analysis. Furthermore, using AHI recorded 

in supine position is expected to provide more accurate and relevant results than 

using the total AHI due to the fact of recording the sounds in supine position during 

wakefulness.  

The restricted preprocessing stage made sure to only allow reliable signals for 

the next analysis stage.  Different representations of a sound signal had helped us 
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investigating the same data from different perspectives. These different perspectives 

of a signal have added more information that would be either used for providing a 

physiological interpretation, or helping with classifying individuals among different 

OSA groups.  

Using all the mentioned signal representations for each breathing sound 

segment, the final ten selected features were significantly different (p-value <0.05) 

between the two groups, as well as, the features showed a relatively high area under 

the ROC curve (that provides an explicit intuition about the specificity and sensitivity 

of a classification system). In addition, these selected features have shown low 

correlation coefficients among each other features (minimum redundancy). 

Accordingly, we could guarantee that all the features are least dependent on one 

another, and can differentiate between the two OSA groups. Note that the number of 

the final selected features (10 features) was arbitrarily selected to reduce the further 

computational cost of the analysis.  

Interestingly, 9 out of the 10 selected features were all extracted from signals 

recorded through the mouth inspiratory phase. This result is congruent with our 

previous study’s result (Elwali & Moussavi, 2017) even though we used a different 

analysis. Tables 8 and 9 show that there are significant correlations between AHISupine 

and sound features, AHISupine and risk factors, and sound features and risk factors. Due 

to these mixed correlations and by selecting and filtering the sound features, the 

proposed method reduces the risk factor’s impact on the sound features while 

preserving high classification accuracy. 
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Features labeled 2, 3, 7 and 10 showed the least dependence on the 

confounding variables, a relatively high area under ROC curves, relatively high testing 

classification accuracies, and relatively high correlation coefficient with AHISupine. 

These four features have shown a maximum p-value of ~10-5, a maximum CV of 0.115, 

a maximum CV of CVs of 0.17, a minimum correlation coefficient with AHISupine of 

0.458, a minimum area under ROC curve of 0.73 and a minimum testing classification 

accuracy of 0.675; see Table 8 and Figure 11 for more details. 

On average, Feature 2 showed a lower power at high frequencies (1250 – 1400 

Hz) for the non-OSA group than that of the OSA group. However, the features 5, 7 and 

10 showed on average higher power value, and coupling, respectively, at low 

frequencies (150 – 250 Hz) for the non-OSA group than that for the OSA group. 

Congruent with our previous study results (Elwali & Moussavi, 2017), the result of 

feature 5 is indicative of more compliance of the upper airway in OSA group. Imaging 

studies (Finkelstein et al., 2014; Lan et al., 2006) have shown that the upper airway on 

OSA people on average has more regional compliance and stiffness. Stiffness is 

represented by an increased power at higher frequencies; that is what feature 2 has 

shown in this study. Furthermore, feature 8 showed, on average, a lower fundamental 

frequency estimation with a cut off frequency of 1600 Hz for the non-OSA group than 

for the OSA group. This implies that upper airway of OSA patients is characterized 

with a more deformation and stiffness that facilitate a higher frequency resonance 

than in healthy upper airways. These findings confirm that these sound features are 

reliable screening representatives of the OSA disorder, as they are representative of 
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the pathology of the OSA, and they also are the least affected with the 

anthropometric information while providing high area under ROC, testing 

classification accuracy, and correlation coefficient with AHISupine in the classification 

process between OSA and non-OSA participants; for more details about the 

physiological interpretations, please see our previous work (Elwali & Moussavi, 2017). 

 For each subgroup of participants with a risk factor, having a reasonably large 

balanced number of participants for each of the two OSA groups is a serious limitation 

for our study that needs to be addressed and resolved in future studies. Another 

limitation is that we did not have all the risk factors that are currently used in STOP-

BANG questionnaire as an OSA screening tool during wakefulness. In addition, 

environmental noise during the tracheal breathing sound recording reduces the 

quality of the recorded breathing sounds as we recorded our data within a noisy 

hospital setting. While we believe breathing-sound analysis would provide an insight 

about the pathology of the OSA disorder, lack of imaging data of the upper airway for 

our participants obstructs our ability to fully prove our claim. 
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Conclusion 

In this study, we have shown that anthropometric parameters influence the 

tracheal breathing sound features independent of OSA severity. In addition, for a 

more reliable OSA screening tool using the tracheal breathing sounds, it is possible to 

use sound features with the least effect by the risk factors. To have a more reliable set 

of sounds features for detecting OSA severity with statistical rigor, future work should 

include investigating balanced groups OSA severity in each subgroup of risk factors.  
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Addendum 

This additional section is to add a better logic for the last part of the 

methodology. It is better to compute the average of the coefficient of variances (for 

the area under ROC curves and classification accuracies) than the CV of CVs to find the 

least affected features by the confounding variables. The least affected features are 

the ones with the lowest average values. 

From Figure 10, it is shown that the two features with the lowest averages 

were features 5 and 8. From Table 8, it is shown that feature 5 has the highest ROC 

value, correlation coefficient and testing classification accuracy, and the lowest p-

value. In addition, feature 5 is one of the best features selected in our last work 

(Elwali & Moussavi, 2017) for classifying the entire dataset with high accuracy; this 

shows the ability for this feature to screen for OSA regardless of the anthropometric 

information. 
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Chapter IV - Using Tracheal Breathing Sounds and Anthropometric 

Information for Screening Obstructive Sleep Apnea during Wakefulness 

Synopsis 

This chapter discusses selecting the sound features with the least and most 

sensitivity to anthropometric factors to be used for the OSA severity classification 

process. This study was published in the Journal of Medical Engineering and 

Technology 2019 February, Article ID: 31210085, DOI: 

10.1080/03091902.2019.1617799, Authors: Ahmed Elwali, Sonia Meza-Vargas and 

Zahra Moussavi. 

Abstract 

Obstructive sleep apnea (OSA) is a common yet underdiagnosed disorder. 

Undiagnosed OSA significantly increases perioperative morbidity and mortality for 

OSA patients undergoing surgery requiring full anesthesia. Tracheal breathing sounds 

characteristics during wakefulness have shown a high correlation with the 

apnea/hypopnea index (AHI), while they are also affected by the anthropometric 

parameters, e.g., sex, age, etc. This study investigates the effects of the 

anthropometric parameters on our new quick objective OSA screening tool during 

wakefulness. Breathing sounds of 122 individuals (71 with AHI <15 as non-OSA and 51 

with AHI >15 as OSA) were recorded during wakefulness in the supine position. The 

spectra and bi-spectra of 81 (47 non-OSA) individuals’ signals, who were randomly 

selected, were analyzed as a training dataset to extract the most significant features 
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with the lowest sensitivity to the anthropometric parameters. Using a support vector 

machine classifier, these features resulted in 72.1%, 64.7%, and 77.5% testing 

classification accuracy, sensitivity, and specificity, respectively. We also investigated 

classifying subjects into subgroups related to each anthropometric parameter and 

incorporating a voting procedure. This routine resulted in 83.6%, 74.5%, and 90.1% 

testing classification accuracy, sensitivity, and specificity, respectively. In conclusion, it 

is possible to positively utilize the anthropometric information to enhance the 

classification accuracy for a reliable OSA screening procedure during wakefulness. 
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Introduction 

Obstructive sleep apnea (OSA) disorder is a common syndrome characterized 

by repetitive episodes of complete (apnea) or partial (hypopnea) pharyngeal collapse 

during sleep (American Academy of Sleep Medicine, 2005). The number of 

apnea/hypopnea episodes per hour of sleep is defined as the apnea/hypopnea index 

(AHI); conventionally, it represents the severity of OSA. Usually, an AHI <5 is 

considered as non-OSA, 5< AHI <15 as mild, 15< AHI <30 as moderate, and AHI >30 as 

severe OSA. Clinical signs and symptoms of OSA include excessive daytime sleepiness, 

loud snoring, high blood pressure, and observed episodes of breathing ceasing, 

gasping, or choking during sleep. OSA can severely impact the quality of sleep, 

therefore the quality of life. OSA has been associated with various complications, 

including increased risk of developing cardiovascular problems, hypertension, stroke, 

depression, diabetes, and headaches, as well as traffic accidents (ResMed, 2013). 

Furthermore, not taking suitable precautions (due to the lack of accurate and reliable 

screening tools for OSA) prior to fully anesthetizing the OSA patients undergoing 

surgery may lead to perioperative morbidity and mortality (American Society of 

Anesthesiologists, 2006). An accurate OSA screening tool, in particular for patients 

prior to undergoing a surgery requiring full anesthesia, would reduce the above-

mentioned risks (American Society of Anesthesiologists, 2006). This article reports on 

a quick and accurate OSA screening tool (classification procedure) using 

anthropometric information and breathing sounds during daytime when a person is 

awake (wakefulness). 
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The gold standard for OSA diagnosis is overnight Polysomnography (PSG) 

assessment. However, performing a full PSG study requires a sleeping room with 

suitable equipment, as well as a qualified sleep technician to analyze the recorded 

data. In Canada and US, about 10% of the population suffers from OSA (Young, T. et 

al., 2008), while the number of qualified sleeping rooms available for conducting a 

PSG study is severely limited. Consequently, there is a long waiting list of patients; in 

some places, the waiting time exceeds a year. Over the last two decades, there has 

been about 14% - 55% increase in the prevalence of sleep-disorder related breathing 

in adults (Peppard et al., 2013). The increased number of people in need of OSA 

diagnosis will increase the waiting time for undergoing the PSG study; thus, it may 

prevent severe cases from being diagnosed early, enabling a suitable treatment in a 

short time frame.  

A quick screening tool for OSA is the STOP-BANG questionnaire. It is commonly 

used for patients undergoing surgery requiring full anesthesia (Nagappa et al., 2015). 

It is a simple, quick and inexpensive assessment that is reported to have a high 

sensitivity (~93%) but at the cost of poor specificity (~36%) (Nagappa et al., 2015). Any 

assessment with poor specificity indirectly increases the referral to the PSG full study; 

thus, increases healthcare system costs. Therefore, there is a need for a reliable 

objective technology to have a highly sensitive and specific OSA screening. Such a 

technology will be of great benefit for anesthesiologists as it will facilitate screening 

for patients undergoing full anesthesia; it will reduce the perioperative resources and 

cost significantly. It will also help in reducing the need for the PSG assessment, thus 
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potentially reduce the healthcare cost significantly. Furthermore, developing an 

objective screening tool that can give a physiological interpretation of the cause of the 

OSA disorder would be a significant step towards improving treatment. 

Aside from our team, several research groups around the globe have been 

working on the possibility of using breathing or vocal sounds during wakefulness to 

predict OSA (Goldshtein et al., 2011; Jung et al., 2004; Kriboy et al., 2014; Solà-Soler et 

al., 2014). These efforts have provided higher classification accuracies than the STOP-

BANG questionnaire, but they have used unbalanced (unequal number and un-

matched for important confounding variables) OSA groups and/or relatively small 

sample sizes. An algorithm using the acoustic pharyngometry achieved training 

sensitivity and specificity of 89% and 94%, respectively, for two unbalanced groups of 

non-OSA (respiratory disturbance index (RDI) <5, n = 16) and OSA (RDI >5, n = 54) 

(Jung et al., 2004); no test accuracy was reported. An algorithm using the effects of 

body posture on the speech signals showed testing sensitivity and specificity of 92.7% 

and 80.0%, respectively, for two unbalanced groups of non-OSA (AHI≤10, n = 12) and 

OSA (AHI >10, n = 23) (Kriboy et al., 2014). An algorithm using sound features 

extracted from speech signals resulted in testing sensitivity and specificity of 79% and 

83%, respectively, for two unbalanced males’ groups of non-OSA (AHI ≤10, n = 12) and 

OSA (AHI>10, n = 48), and testing sensitivity and specificity of 84% and 86%, 

respectively, for two unbalanced female groups of non-OSA (AHI ≤5, n = 14) and OSA 

(AHI >5, n = 19) (Goldshtein et al., 2011). An algorithm using a combination of 

breathing sound features and anthropometric information achieved testing sensitivity 
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and specificity of 88.9% and 84.6%, respectively, for two balanced-groups of non-

mild-moderate OSA (AHI <30, n = 10) and severe-OSA (AHI >30, n = 13) (Solà-Soler et 

al., 2014).  

We hypothesized that the upper airway (UA) deformities due to OSA affect the 

breathing sounds even during wakefulness, and that effect should be detectable by 

tracheal breathing sounds analysis  (Finkelstein et al., 2014; Lan et al., 2006; 

Moussavi, Z. et al., 2015). In our team’s previous works (Elwali & Moussavi, 2017; 

Karimi, 2012; Montazeri et al., 2012; Moussavi, Z. et al., 2015), we demonstrated a 

proof of concept for this hypothesis. Moreover, in our recent work, we achieved a 

testing classification accuracy of ~84% with a comparable (<10% difference) specificity 

and sensitivity for two balanced-groups of non-OSA (AHI≤5, n = 61) and OSA (AHI≥10, 

n = 69) (Elwali & Moussavi, 2017). We also showed the significant superiority of using 

tracheal breathing sound features over using just the anthropometric information for 

screening OSA during wakefulness (Elwali & Moussavi, 2017). However, the effects of 

the confounding variables such as age, sex, height, BMI, etc., on the sound signals 

were not investigated.  

In this study, we questioned whether it would make a difference in our 

classification accuracy and reliability if we subdivided our dataset into groups that are 

matched to one of the anthropometric parameters. Thus, our primary objectives 

were: 1) finding the sound features with the least effect produced by the confounding 

variables, and use those to classify the entire database; and 2) finding the best 

(providing the highest testing classification accuracy) sound features in each 
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anthropometric parameter subgroup, and classifying each subject’s data in each 

subgroup followed by a general decision-making routine. In all instances, we used a 

two-class support vector machine (SVM) classification algorithm. 

Compared to our recent work, this study offers detailed analysis using the 

following aspects:  1) only AHI recorded in the supine position (AHISupine) was used 

(because supine position has usually the highest AHI, and also that we record 

breathing sound signals during wakefulness in supine position); 2) we used a 

threshold of AHISupine=15 to divide the groups into non-OSA and OSA to add a more 

significant clinical perspective (AHI=15 is the most common clinically accepted 

threshold to separate OSA individuals who might benefit with treatment from those 

who do not (Littner, 2007; Medscape, Aug 23, 2016)); 3) the frequency band of the 

recorded breathing sounds was divided only into four wide sub-frequency bands; and 

4) both linear and non-linear featrues extracted from tracheal breathing sounds were 

evaluated. 
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Methodology 

Participants 

Study participants were recruited from those referred to the overnight PSG 

assessment at the Sleep Disorders Centre (SDC) at the Misericordia Health Center 

(Winnipeg, Canada). The study was approved by the Biomedical Research Ethics Board 

of the University of Manitoba, and all participants signed an informed consent form 

prior to their participation. The recording was performed about 1-2 hours before 

conducting the PSG study. AHI records were obtained from Misericordia Health 

Centre after the overnight PSG assessment was completed and analyzed by SDC’s 

sleep technicians. 

Recording protocol 

During daytime while the participants were awake (wakefulness) and in the 

supine position (with head rested on a pillow with a straight neck), their tracheal 

breathing sound signals were recorded using a Sony Omni-directional electret 

condenser microphone (ECM77B). The microphone was embedded in a small 

chamber placed over the suprasternal notch of the trachea allowing ~2 mm space 

between the skin and the microphone. The breathing signals were band-pass filtered 

(0.05–5000 Hz) and amplified using very low noise and drift differential bridge 

amplifier (Biopac DA100C), and then sampled at 10,240 Hz and represented with 16-

Bit using NI-9215.  
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Participants were instructed to breathe deeply first through their nose and 

then through their mouth for five breath cycles during each of the two nose and 

mouth breathing maneuvers. In addition, the first inspiratory phase was marked by 

the experimenter using auditory means to provide 100% accuracy in separating the 

inspiratory/expiratory phases. At the end of each breathing maneuver, participants 

were instructed to hold their breath for a few seconds (called silent period) to record 

the background noise. For more details about the recording protocol, please see 

(Elwali & Moussavi, 2017). Note that we also recorded tracheal breathing sound 

signals with the same procedure while participants were sitting upright. However, in 

this study, we only used the sound signals recorded in supine position. The reason for 

this choice is based on the logic that OSA events occur during sleep, while a person is 

lying either in a supine or side position. Most of the OSA events occur during supine 

position. Thus, when analyzing wakefulness breathing sounds analysis for predicting 

OSA, it is logical to analyze the sounds with the UA in the same position as when the 

OSA occurs during sleep, which is the supine position. 

Dataset Preparation 

Individual’s data had to have at least two clean (no artifacts, vocal noises, 

tones, interruptions and low signal to noise ratio (SNR)) breathing cycles for each 

breathing maneuver. Therefore, out of 300 records, data of 200 individuals were 

selected for further analysis given the above criteria. Then the sound signals were 

inspected by audio and visual means in time and frequency domains to separate the 

inspiratory and the expiratory phases.  
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In this work, we were only interested in AHI evaluated during sleep in a supine 

position. Therefore, we included data of those subjects who slept in the supine 

position for at least one hour or met the following criteria: 1) slept more than half an 

hour in the supine position, and 2) both total AHI and AHIsupine were from the same 

range (either <15 or >15). As a result, tracheal breathing sounds of 128 individuals out 

of the 200 individuals’ records were selected for further analysis after this stage of 

pre-processing. 

The power of the background noise was computed using the silent period 

(breath-hold) of each recorded tracheal breathing sound signal. The SNR was 

computed using the noise and breathing signals’ powers. Any breathing phase signal 

with an SNR less than 2 (3 dB) was excluded. Out of the 128 individuals’ records, data 

of 122 individuals passed this stage. This dataset included data of 71 individuals with 

AHI <15 and 51 individuals with AHI >15. For simplicity of naming, we call these two 

groups as non-OSA and OSA groups hereafter. Anthropometric information of the 

analyzed data (122 individuals) is presented in Table 10. 

Table 10 STUDY INDIVIDUALS’ ANTHROPOMETRIC INFORMATION. OSA IS 
OBSTRUCTIVE SLEEP APNEA, NC IS NICK CIRCUMFERENCE, AND MPS IS MALLAMPATI 
SCORE 
 AHISupine Age Sex BMI NC MpS 

Non-OSA (AHI<15, 
n=71) 

3.98 ± 4.4 46.8 ± 13.0 30 M, 41 F 30.7 ± 6.5 38.7 ± 3.7 
36 ’I’, 19 ‘II’, 9 
‘III’ and 7 ‘IV’ 

OSA (AHI>15, n=51) 58.9 ± 35.3 49.0 ± 12.7 43 M, 8 F 33.7 ± 7 44.2 ± 3.4 
19 ’I’, 18 ‘II’, 9 
‘III’ and 5 ‘IV’ 

Signal Analysis and Feature Computation/Extraction 

After polishing and validating the data, the selected data were represented in 

different domains, such as the power spectrum and bispectrum domains. The signals’ 
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power spectra were calculated using the Welch method (Proakis, 2006), and their 

bispectra were calculated using the indirect class of conventional bispectrum 

estimator (Nikias & Raghuveer, 1987).  

Using 81 individuals (47 with AHI <15, non-OSA group, and 34 with AHI >15, 

OSA group) out of the 122 (2/3 of data), the features were extracted then reduced as 

explained below. In our previous work (Elwali & Moussavi, 2017), we found that the 

frequency band could be divided into four discriminative frequency bands (i.e., 100 – 

300 Hz, 350 – 600 Hz, 1000 – 1700 Hz, and 2100 – 2400 Hz). Using the four frequency 

bands, the spectral and bi-spectral features were extracted. These features were 

statistical features (i.e., mean, standard deviation, spectral entropy, skewness and 

kurtosis, spectral centroid, etc.) which were extracted from the non-overlapping area 

between the average spectra/bispectra and their 95% confidence intervals of the two 

groups. 

From the sound signals represented in the time domain, we calculated Katz 

and Higuchi fractal dimensions (Higuchi, 1988; Katz, 1988), and Hurst exponent 

(Hurst, 1951). Therefore, overall, 235 features were extracted from the time and 

frequency domains of the mouth and nose breathing sound signals. As this number of 

features is too many for our sample size, we reduced the number of features by the 

following criteria. 

Feature Reduction 

First feature reduction stage, using the features of the 81 individuals, we 

computed p-value of each calculated feature between the two groups using an 
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unpaired t-test, correlation coefficient (CC) of each feature with AHISupine, and the 

classification accuracy between the two groups using a one-feature SVM classifier 

with a linear kernel. Furthermore, the correlation coefficient (CC2f) and p-value (P2f) 

between every two features were computed. The following criteria were used to 

reduce the number of features. A feature was removed if 1) p-value > 0.05, 2) CC < 

0.3, or 3) classification accuracy <57%; these thresholds were arbitrarily chosen to 

remove the features with low correlations with AHISupine and insignificant 

differentiability between the two OSA groups. Also, among any two features having 

CC2f ≥ 0.98, or CC2f > 0.8 and P2f ≥ 0.01, the feature with the lower CC and 

classification accuracy was rejected. This stage of feature reduction reduced the 

number of features to 116. 

 The second feature reduction stage, using the classification accuracies of all 

the combinations of two features from the 116 features were computed, and their 

sensitivities and specificities were also computed. Any feature that repeated at least 

ten times within the feature combinations that gave classification accuracy > 65%, 

Sensitivity > 50%, or Specificity > 50% was selected. The number of features that 

resulted from this stage was 31 sound features.  

Training and Testing Datasets 

The dataset (122 individuals) was randomly divided into a training dataset of 

81 individuals (47 with AHI <15, non-OSA group, and 34 with AHI >15, OSA group) and 

a testing dataset of 41 individuals (24 for the non-OSA group, and 17 for the OSA 

group). This process was repeated 10 times (10-fold cross validation routine). In all 
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groupings, the AHI=15 was used as a threshold between the two severity groups.  

Thus, we had 10 folds, each fold consisting of a training dataset with its corresponding 

testing dataset. Also, we made sure that each person’s data was selected as a test 

data at least once within the 10 different test datasets.  

Furthermore, in each training and testing datasets of each fold, we divided the 

participants’ data into subsets based on their anthropometric characteristics, one at a 

time. The anthropometric variables were sex (male vs. female), body mass index (BMI) 

(<35 vs. ≥35), neck circumference (NC) (≤40 vs.>40 cm), age (≤49 vs. ≥50 years), and 

Mallampati score (MpS) (≤2 vs. ≥3). The correlation coefficients between AHISupine, and 

BMI, age, sex, neck circumference, and Mallampati score were computed. Any 

training subset having less than 10 individuals per severity (AHI) group was excluded 

from further analysis with its corresponding test subset. Thus, two subsets (female 

and NC <40) were excluded from the analysis because they have less number in the 

OSA group; that resulted in 8 different subsets per training and testing datasets for 

each fold. Thus, correlation coefficients between AHISupine, and sex, and NC were done 

only for the non-OSA group. 

Best Feature Selection 

This section describes the main pattern recognition process applied to answer 

our research questions:  whether the classification accuracy improves if we select 

features with the least sensitivity to anthropometric parameters (Analysis 1). The 

second objective was to select features with the most sensitivity to a particular 

confounding variable and do classifications within several subgroups of individuals 
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with different anthropometric parameters, then average the classification decisions of 

each individual among the subgroups to assign the individual to one of the two OSA 

severity groups (Analysis 2). All classifiers used in this study were two-class SVM 

classifiers with a linear kernel and regularization parameter of one.  

A Common Procedure for Both Analyses 

In both Analyses 1 and 2, we used the following procedure to compute the 

average (between the 10 folds) validation classification accuracies for each feature 

and feature-combination (i.e., two, and three features per combination).  Using leave-

one-out cross-validation within each training dataset, the average validation 

classification decision for an individual among the 10 folds was computed. Since we 

had only two groups for classification, we assigned 1 and -1 labels to each class (OSA 

and non-OSA groups). If the average validation-accuracy was greater than 0, the final 

label was considered as 1, and vice versa. The resultant validation classification 

accuracies were used for feature selection. Furthermore, in each training fold and 

using each feature-combination, additional metrics were computed and averaged 

among the 10 folds. Those metrics included area under receiver operating curve 

(ROC), p-value between the feature’s values of the two severity groups, and CC value 

between the feature and AHISupine. 
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Analysis 1: Sound Feature Selection with Least Sensitivity to Anthropometric 

Variables 

For each feature and using the computed testing classification accuracies from 

the previous stage, the coefficient of variation (CV) and positive impact (PI) among 

these accuracies were computed. CV is the standard deviation over the mean. PI is the 

summation of the differences between classification accuracy for each subset and the 

overall classification accuracy (OCA). OCA is the average validation classification 

accuracy of the whole training dataset among the 10 folds. Least sensitive features 

were selected based on CV ≤ 0.08, PI ≥ -0.05 and OCA ≥ 0.66. This procedure was 

repeated using two-feature combinations (CV ≤ 0.06, PI ≥ -0.05 and OCA ≥ 0.69), and 

three-feature combinations (CV ≤ 0.045, PI ≥ -0.05 and OCA ≥ 0.71); these thresholds 

were selected by visually inspecting CV, PI, and OCA data in the training datasets but 

applied consistently over the folds. 

With the above routine (Analysis 1) on the training dataset, the selected sound 

features were least sensitive to confounding variables in general. 

Analysis 2: Sound Feature Selection with the Highest Sensitivity to 

Anthropometric Variables 

 For each subset of the confounding variables, the feature and feature-

combination giving the highest classification accuracy were selected as the most 

sensitive feature or feature-combination to this subset. Therefore, there were 21 

different selected features and feature-combinations including seven features for 

one-feature analysis, seven two-feature combinations for two-feature analysis, and 
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seven three-feature combinations for three-feature analysis; some of the features 

were common in between the different approaches. In the case of having more than 

one feature with the same classification accuracy per subset, the one with the highest 

overall classification accuracy and comparable overall sensitivity and specificity values 

was selected. 

Feature Evaluation 

Using Features and Feature-Combinations Insensitive to Confounding Variable 

of Analysis 1 

At the Dataset section in the methodology, we mentioned that the dataset 

was divided into 10 folds (10 training subsets with their corresponding testing 

datasets). Therefore, the selected feature combinations (one-, two- or three-feature 

per combination) from Analysis 1 were separately used in classifying each testing 

dataset of the 10 testing datasets, while being trained with the corresponding training 

dataset. The classification decision for each test individual was recorded. For every 

individual, the average testing classification decision among the 10 testing datasets 

was calculated. Finally, the overall testing classification accuracy, sensitivity, and 

specificity were computed for each feature and feature-combination. 

Using Features and Feature-Combinations Sensitive to Confounding Variable of 

Analysis 2 

Using the selected seven feature combinations (one-, two-, or three-feature 

per combination) from Analysis 2, seven two-class SVM classifiers were constructed. 
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Each classifier was dedicated to an anthropometric variable (subset’s category). For 

each fold of the 10 folds, each classifier was trained by the training subset then tested 

by the corresponding testing subset. For each subset’s category, the average testing 

classification decision for every individual among the 10 subsets (same confounding 

variable) was computed then followed by a weighted averaging among the votes of 

each subgroup; the weights were computed based on the validation accuracy of each 

subset. This decision-making routine is shown schematically in Figure 12. The subjects 

that had final voting decisions higher than -0.7 (non-OSA group) and lower than 0.4 

(OSA group) were investigated for any matching with the anthropometric parameters. 

Finally, the impact of not including some subsets on the classification results were 

conducted by checking the effect of removing one or two of the subset’s decisions 

from the voting stage. 
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Figure 12. Decision making routine using anthropometric variable sensitive feature-
combinations of three features; each SVM classifier is specified for a confounding 
variable. 
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Results 

In this study, data of 122 participants, two groups of 71 non-OSA individuals 

(30 males, AHI <15) and 51 OSA individuals (43 males, AHI >15), were used. 

Anthropometric information statistics of the two groups are reported in Table 10. The 

data was not matched in terms of any of the anthropometric variables: sex (male vs 

female), BMI (threshold = 35), NC (threshold = 40), age (threshold = 50), and MpS 

(threshold = 3). Correlation coefficients between AHISupine, and BMI, age, sex (non-

OSA), NC (non-OSA), and MpS were found to be 0.269, 0.058, -0.248, 0.429 and 0.223, 

respectively. 

The proposed feature reduction procedure resulted in 31 features out of the 

235 features calculated in the first stage; please see Table 11 for the description of 

the features selected by both analyses 1 and 2 (i.e., 23 sound features). The selected 

tracheal sound features and feature-combinations had high correlation coefficients 

with AHISupine. Feature label 6 had CC of 0.473 and 0.585 using all dataset and subset 

of MpS≥3, respectively; feature-combination of labels 8 and 17 had CC of 0.572 and 

0.710 using all dataset and subset of MpS≥3, respectively; feature-combination of 

labels 5, 11 and 15 had CC of 0.590 and 0.705 using all dataset and subset of MpS≥3, 

respectively. There was no significant correlation between the sound features, age, 

and MpS. On the other hand, there were significant correlations between some sound 

features and BMI, sex (non-OSA), and NC (non-OSA) as expected; see Table 12 for 

more details. 



 

99 
 

Table 11 DESCRIPTIONS OF THE SELECTED 23 FEATURES BY ANALYSES 1 AND 2; INS, 
EXP, M AND N ARE INSPIRATION, EXPIRATION, MOUTH AND NOSE, RESPECTIVELY; 
AMEAN IS ARITHMETIC MEAN; HMEAN IS HARMONIC MEAN; GMEAN IS GEOMETRIC 
MEAN; P(F) IS THE POWER SPECTRUM; F IS FREQUENCY 

Features 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒1 =  𝑚𝑒𝑑𝑖𝑎𝑛 (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=150
𝑓2=300

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒2 =  𝑚𝑒𝑑𝑖𝑎𝑛 (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=350
𝑓2=550

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒3 =  𝐴𝑚𝑒𝑎𝑛 (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=2100
𝑓2=2400

−  𝐴𝑚𝑒𝑎𝑛 (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=1100
𝑓2=1500

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒4 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=150
𝑓2=550

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒5 =  𝑆𝑒𝑐𝑜𝑛𝑑 𝑝𝑒𝑎𝑘 𝑓𝑜𝑟 𝑃𝐼𝑛𝑠𝑁(𝑓) 𝑤𝑖𝑡ℎ𝑖𝑛 350 –  1000 𝐻𝑧  

𝐹𝑒𝑎𝑡𝑢𝑟𝑒6 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑐𝑒𝑛𝑡𝑟𝑖𝑜𝑑 ((𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=150
𝑓2=550

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒7 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ (𝑃𝐸𝑥𝑝𝑁(𝑓))𝑓1=150
𝑓2=550

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒8 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ (𝑃𝐸𝑥𝑝𝑀(𝑓))𝑓1=350
𝑓2=550

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒9 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ (𝑃𝐼𝑛𝑠𝑀(𝑓))𝑓1=1000
𝑓2=1500

 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒10 =  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 (𝑃𝐸𝑥𝑝𝑁(𝑓)) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒11 =  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 (𝑃𝐼𝑛𝑠𝑀(𝑓)) 𝑤𝑖𝑡ℎ𝑖𝑛 2100 − 2400 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒12 =  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 (𝑃𝐼𝑛𝑠𝑀(𝑓)) 𝑤𝑖𝑡ℎ𝑖𝑛 2100 − 2400 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒13 =  𝐻𝑚𝑒𝑎𝑛 (𝑡ℎ𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 (+𝑣𝑒 𝑓𝑟𝑒𝑞. ) 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑓 𝐼𝑛𝑠𝑀 𝑓1=150
𝑓2=300

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒14 =  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑓 𝑡ℎ𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 (−𝑣𝑒 𝑓𝑟𝑒𝑞. )𝑓𝑜𝑟 𝐼𝑛𝑠𝑀 𝑓1=350
𝑓2=550

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒15 =  𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑡ℎ𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 (−𝑣𝑒 𝑓𝑟𝑒𝑞. ) 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑓 𝐼𝑛𝑠𝑀 𝑓1=150
𝑓2=550

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒16 =  𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑡ℎ𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 (+𝑣𝑒 𝑓𝑟𝑒𝑞. ) 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑓 𝐼𝑛𝑠𝑀 𝑓1=150
𝑓2=1800

) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒17 =  𝐴𝑚𝑒𝑎𝑛 (𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝐼𝑛𝑠𝑀 𝑓1=350

𝑓2=550
) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒18 =  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐼𝑛𝑠𝑀 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 350 − 550 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒19 =  𝐴𝑚𝑒𝑎𝑛 (𝐴𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝑡ℎ𝑒 𝐼𝑛𝑠𝑀 𝑓1=150

𝑓2=1800
) 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒20 =  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐸𝑥𝑝𝑁 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 1400 − 1800 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒21 =  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐸𝑥𝑝𝑁 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 150 − 1800 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒22 =  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑚𝑜𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝐸𝑥𝑝𝑁 𝑜𝑛 
1

2
𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 150 − 1800 𝐻𝑧 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒23 =  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑏𝑖𝑠𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑜𝑓 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑓𝑟𝑒𝑞.  𝑓𝑜𝑟 𝐸𝑥𝑝𝑁 𝑜𝑛 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒𝑓1=2100
𝑓2=2400

 

Table 12 CORRELATION COEFFICIENTS BETWEEN THE ANTHROPOMETRIC 
PARAMETERS AND THE SOUND FEATURES; BMI IS BODY MASS INDEX, NC IS NECK 
CIRCUMFERENCE, MPS IS MALLAMPATI SCORE; FS IS FEATURE SELECTED 

FS label BMI Age Sex (non-OSA) NC (non-OSA) MpS 

1 -0.27 -0.03 0.12 -0.26 -0.06 

2 -0.03 0.01 -0.50 0.35 0.02 

3 -0.29 0.15 0.31 -0.28 -0.09 

4 0.27 0.03 -0.21 0.29 0.17 

5 0.09 0.00 0.19 -0.17 0.07 

6 0.24 0.04 -0.25 0.32 0.14 

7 -0.18 -0.02 0.14 -0.16 0.03 
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8 0.00 0.04 0.48 -0.26 -0.11 

9 0.02 0.02 0.74 -0.41 -0.03 

10 -0.08 0.20 0.23 -0.16 -0.03 

11 0.33 -0.08 0.00 0.17 0.14 

12 0.25 -0.09 -0.03 0.12 0.14 

13 -0.27 -0.10 0.10 -0.32 -0.07 

14 0.14 0.09 -0.10 0.13 0.22 

15 0.21 0.07 -0.10 0.20 0.09 

16 0.23 0.07 0.00 0.19 0.10 

17 -0.36 -0.02 -0.01 -0.25 -0.02 

18 -0.36 -0.02 0.01 -0.26 -0.05 

19 -0.34 -0.01 0.11 -0.33 -0.03 

20 -0.01 0.11 0.39 -0.28 0.07 

21 0.04 0.15 0.37 -0.25 0.09 

22 0.03 0.14 0.37 -0.26 0.12 

23 -0.02 -0.11 0.33 -0.12 -0.12 

 Table 13 shows the overall validation classification accuracy, sensitivity, and 

specificity for each feature selected by Analysis 1; these values are the average values 

among the 10 folds. Furthermore, the two-feature combinations and three-feature 

combinations are also listed in Table 13 with their validation results; FS refers to a 

feature selected label, while features are defined in Table 11. The features and 

feature combinations selected in Analysis 2 for each training subset are listed in Table 

14. Furthermore, Table 15 shows the validation results using linear voting of the one-, 

two-, and three-feature combinations separately. 

Table 13 RESULTS OF THE ONE-, TWO- AND THREE-FEATURE COMBINATIONS 
SELECTED USING THE CONFOUNDING VARIABLE INSENSITIVE FEATURE CRITERIA; FS IS 
FEATURE SELECTED LABEL, AND N/A IS NOT APPLICABLE 

Feature combination Validation Testing 

FS1 FS2 FS3 Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity 

1 NA NA 69.7% 78.4% 63.4% 68.9% 76.5% 63.4% 

13 NA NA 68.9% 66.7% 70.4% 68.0% 64.7% 70.4% 

15 NA NA 68.9% 80.4% 60.6% 69.7% 82.4% 60.6% 

17 NA NA 71.3% 74.5% 69.0% 68.9% 68.6% 69.0% 

1 21 NA 69.7% 76.5% 64.8% 68.9% 74.5% 64.8% 

2 14 NA 69.7% 66.7% 71.8% 71.3% 68.6% 73.2% 

3 15 NA 73.8% 68.6% 77.5% 72.1% 64.7% 77.5% 
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6 14 NA 71.3% 64.7% 76.1% 67.2% 62.7% 70.4% 

17 20 NA 70.5% 72.5% 69.0% 71.3% 76.5% 67.6% 

17 23 NA 72.1% 66.7% 76.1% 69.7% 64.7% 73.2% 

2 13 14 71.3% 62.7% 77.5% 71.3% 66.7% 74.6% 

3 11 15 74.6% 68.6% 78.9% 68.0% 62.7% 71.8% 

3 11 17 73.0% 70.6% 74.6% 71.3% 70.6% 71.8% 

3 16 23 71.3% 60.8% 78.9% 71.3% 60.8% 78.9% 

Table 14 RESULTS OF THE ONE-, TWO- AND THREE-FEATURE COMBINATIONS 
SELECTED USING THE CONFOUNDING VARIABLE SENSITIVE FEATURE CRITERIA; FS IS 
FEATURE SELECTED LABEL, BMI IS BODY MASS INDEX, NC IS NECK CIRCUMFERENCE, 
MPS IS MALLAMPATI SCORE, ACC IS ACCURACY, SEN IS SENSITIVITY AND SPE IS 
SPECIFICITY 

 F Testing 
Feature 
combination 

Testing 
Feature 
combination 

Testing 

Subset 
FS
1 

Subset based 
F1 F2 

Subset based 
FS1 FS2 FS3 

Subset based 

ACC SEN SPE ACC SEN SPE ACC SEN SPE 

Low BMI 3 76.7% 64.7% 83.9% 3 16 77.8% 64.7% 85.7% 3 4 6 78.9% 70.6% 83.9% 

High BMI 5 75.0% 70.6% 80.0% 5 8 84.4% 94.1% 73.3% 5 15 19 87.5% 94.1% 80.0% 

Low Age 11 75.0% 88.2% 60.0% 11 22 80.3% 75.0% 83.7% 2 10 17 81.7% 82.1% 81.4% 

High Age 1 70.6% 87.0% 57.1% 9 10 76.5% 78.3% 75.0% 8 9 20 80.4% 91.3% 71.4% 

Male 17 69.9% 72.1% 66.7% 9 12 74.0% 74.4% 73.3% 9 12 22 75.3% 76.7% 73.3% 

High NC 17 72.2% 73.9% 69.2% 3 5 73.6% 76.1% 69.2% 3 5 15 77.8% 78.3% 76.9% 

Low MpS 13 70.3% 73.0% 68.5% 3 13 78.0% 64.9% 87.0% 3 4 5 79.1% 67.6% 87.0% 

High MpS 18 81.3% 85.7% 77.8% 3 19 81.3% 85.7% 77.8% 18 19 20 87.5% 85.7% 88.9% 

For the feature evaluation section, the test outcomes using the confounding 

variable insensitive features of one-, two-, and three- feature combinations are listed 

in Table 13. The rows in bold font in Table 13 show the features and feature-

combinations resulting in the highest validation and testing accuracies. The subsets’ 

testing accuracies, sensitivities, and specificities using one-feature, two-feature 

combinations, and three-feature combinations selected in Analysis 2 are listed in 

Table 14. The test outcomes evaluated after linear voting using the anthropometric 

variable sensitive one-, two-, or three- feature combinations are listed in Table 15. 

Table 16 separately shows the anthropometric information statistics of the subjects 
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with voting decision’s values > -0.7 and <0.4 for the non-OSA and OSA groups, 

respectively. NC was the only anthropometric parameter showing a significant 

difference between the two severity groups. 

Table 15 RESULTS OF THE ONE-, TWO AND THREE-FEATURE COMBINATIONS 
SELECTED USING THE CONFOUNDING VARIABLE SENSITIVE FEATURE CRITERIA 
Feature combination 
per subset 

Validation Testing 

Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity 

One-feature 80.3% 80.4% 80.3% 79.5% 80.4% 78.9% 

Two-feature 84.4% 74.5% 91.5% 82.0% 72.5% 88.7% 

Three-feature 86.1% 82.4% 88.7% 82.0% 74.5% 87.3% 

Table 16 ANTHROPOMETRIC INFORMATION OF INDIVIDUALS WITH VOTING VALUE 
HIGHER THAN -0.7 AND LOWER THAN 0.4 FOR NON-OSA AND OSA GROUPS, 
RESPECTIVELY. OSA IS OBSTRUCTIVE SLEEP APNEA, VV IS VOTING VALUE, NC IS NECK 
CIRCUMFERENCE, AND MPS IS MALLAMPATI SCORE 
 AHISupine Age Sex BMI NC MpS 

Non-OSA (AHI<15, 
n=28, VV>-0.7) 

5.4 ± 4.7 46.4 ± 12.2 20 M, 8 F 30.9 ± 6.3 40.5 ± 2.4 

12 ’I’, 8 ‘II’, 5 ‘III’ 
and 3 ‘IV’ 

OSA (AHI>15, n=24, 
VV<0.4) 

44.2 ± 28.3 51.3 ± 11.5 20 M, 4 F 31.3 ± 5.8 42.9 ± 3.2 
11 ’I’, 8 ‘II’, 4 ‘III’ 
and 1 ‘IV’ 

Total (n=52) 23.3 ± 27.5 48.7 ± 12 40 M, 12 F 31.1 ± 6 41.6 ± 3 
23 ’I’, 16 ‘II’, 9 ‘III’ 
and 4 ‘IV’ 

Removing a subset’s or two subsets’ decisions from the voting stage resulted 

in a slight improvement using the two- and three-feature combination for analysis 2. 

While removing the low-age and low-MpS subsets, the outcomes using the two-

feature combination based were 82.8%, 78.4% and 85.9% for the testing classification 

accuracy, sensitivity, and specificity, respectively. In addition, removing high-BMI 

subset, the outcomes using the three-feature combination based were 83.6%, 74.5% 

and 90.1% for the testing classification accuracy, sensitivity, and specificity, 

respectively. Furthermore, removing high-NC and low-MpS subsets, the outcomes 
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using the three-feature combination based were 83.6%, 80.4% and 85.9% for the 

testing classification accuracy, sensitivity, and specificity, respectively. 

The repetition of each feature in both the insensitive and sensitive procedures 

is separately mentioned in Figure 13. Feature 3, representing the difference of the 

average power spectrum within 2100-2400 Hz and 1100-1500 Hz, had the highest 

repetition in both procedures. Finally, Figure 14 shows the scatter plot for testing 

classification decisions using the sensitive three-feature combinations. Figure 14(e) 

shows the overall testing classification decision of the three-feature combination 

classifiers using analysis 2. From Figure 14(e), classification decision of 1 (considering 

100% for both specificity and sensitivity) means that all the used one-feature 

classifiers have voted to the OSA group, while classification decision of -1 (considering 

100% for both specificity and sensitivity) means all the used one-feature classifiers 

have voted to the non-OSA group.  Figure 14(a) shows a scatter plot for the high-age 

subset’s data using features labeled 8, 9 and 20. Figure 14(b) shows a scatter plot for 

the low-age subset’s data using features labeled 2, 10 and 17. Figure 14(c) shows a 

scatter plot for the high-BMI subset’s data using features labeled 5, 15 and 19. Figure 

14(d) shows a scatter plot for the high-MpS subset’s data using features labeled 18, 

19 and 20. Each of these three-feature combinations resulted in the highest validation 

classification decision for one of the subsets using a three-feature combination 

classifier which used in analysis 2. These scatter plots show the discriminating ability 

of the selected feature combinations. 
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Figure 13. Feature repetition in the one-, two and three-feature combinations all 
together selected using the confounding variable insensitive/sensitive feature criteria; 
insensitive repetition was based on the highest six combinations selected based on 
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the proposed criteria. Other features had a repetition of zero

 
Figure 14. Scatter plot for testing classification decisions using the sensitive three-
feature combination procedure. Scatter plots (a), (b), (c), and (d) show classification 
decisions for the high-age subset, the low-age subset, the high-BMI subset, and the 
high-MpS subset using the related three- feature combination, respectively; Blue and 
Red colors represent a non-OSA and an OSA individual, respectively; BMI is body mass 
index, and MpS is Mallampati score. 

In summary, the best achieved unbiased test accuracy for Analysis 1 (using 

sounds features with the least sensitivity to confounding variables) was 72.1%. On the 

other hand, using Analysis 2 (features extracted from a subgroup of the 

anthropometric variable) and decision making based on the average of the weighted 

votes of the subgroups (shown in Fig. 12 and Fig. 14), the best test accuracy was 
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83.6%. Note that in both analyses, the specificity (detecting those who had an AHI < 

15) was about 10% higher than the sensitivity (detecting the ones with AHI>15).  
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Discussion 

Undiagnosed severe OSA subjects significantly increase the healthcare cost 

and the risk of perioperative morbidity and mortality. Screening for OSA with an 

efficient and reliable tool will help to resolve the mentioned problems. This study 

aimed to provide a new procedure for screening OSA using anthropometric 

information and tracheal breathing sounds during wakefulness. 

Anthropometric measures showed high sensitivity in screening for OSA (El-

Sayed, 2012; Nagappa et al., 2015) but at the cost of a very poor specificity (~36%) 

(Nagappa et al., 2015). In this study, we investigated the correlation of 

anthropometric measures and AHISupine and also their correlation with the breathing 

sounds. Briefly, we considered utilizing anthropometric information to select the most 

relevant and discriminative sound features for OSA wakefulness screening. Two 

procedures were created to examine the classification power of the tracheal 

breathing sound features for classifying non-OSA (AHI <15) individuals from OSA (AHI 

>15) ones. 

The first procedure was to select the best discriminative sound features with 

the lowest sensitivity to anthropometric parameters. On the other hand, in the 

second procedure, we used the sound features that could best discriminate the two 

OSA groups within a particular anthropometric parameter. We repeated this 

procedure for all confounding variables except for females and low NC sub-groups 

due to their small size dataset. Then, we took the weighted average of votes for the 
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subgroups’ classifications to classify any subject between the OSA and non-OSA 

groups.  

The benefit of using Procedure 1 is using only one set of sound features for 

only one classifier which serves all types of data regardless of their anthropometric 

parameters. Consequently, Procedure 1 offers low computational cost and 

requirements. On the other hand, the benefit of using Procedure 2 is utilizing the 

impact of each anthropometric variable separately in the classification process. It is 

expected to provide a higher classification accuracy than that of the first procedure. 

However, it requires a high computational cost as it involves 4-5 different classifiers to 

make a decision. 

In this work, we were concerned about creating a robust procedure and 

extracting discriminative sound features. Thus, to maintain robustness, the individuals 

of the two OSA severity groups were randomly interleaved to create 10 folds; each 

fold had a training dataset with its corresponding testing dataset, and each subject 

presented at least once within the 10 testing datasets. This random interleaving 

facilitated the extraction and reduction processes to be fair and not biased to any 

selected severity group of data. Furthermore, we separately recorded and averaged 

the classification decisions for every individual within the ten folds so that an 

individual would only contribute with one representative decision in the process of 

evaluating the final classification accuracy. In Procedure 2, this one representative 

decision was weighted with the resultant validation sensitivity (if the decision was 1) 

and specificity (if the decision was -1) percentages before the voting process; this was 
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done for each subset separately. Therefore, these stages maintained the fairness of 

the proposed classification procedures. Additionally, to have reliable results and to 

avoid overfitting, a minimum number of individuals used per training subset was set 

to be 10 participants for each of non-OSA and OSA groups (minimum 20 individuals in 

each subset); otherwise, that training subset and its testing subset were excluded 

from the process. That is why in this study, we did not have subgroups of females and 

NC <40 as the number of females within the OSA group was 8, and the number of 

individuals with NC <40 within the OSA group was only 6. 

The correlation analysis showed the highest correlation coefficient of 0.74 

between sex (non-OSA) and tracheal breathing sound (Feature #9). That was expected 

as females’ voices are generally in a higher pitch than males’ voice (Titze, 2000); that 

means a larger spectral bandwidth for females’ voices and breathing sounds. 

Furthermore, the results show an average significant correlation coefficient between 

the anthropometric parameters and AHISupine of 0.252, while it was 0.469 on average 

for sound features and AHISupine. Therefore, it is expected that sound features should 

show higher classification power than the anthropometric parameters in screening for 

OSA. However, anthropometric parameters do affect tracheal breathing sound 

features. This effect may negatively impact the classification accuracy if we use 

sounds features regardless of their sensitivity to confounding variables; for example, 

using feature #3 to classify male’s subset has resulted in a 53% classification accuracy. 

On the other hand, this feature #3 might have a positive effect that would enhance 

the classification process; for example, it resulted in an 83% classification accuracy 
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while classifying the MpS<3 subset. Therefore, it is essential to know which sound 

feature is suitable for each subset of the anthropometric variables. That is the main 

rationale behind the proposed Procedure 2.  

From the results, the testing classification accuracies were comparable to 

validation classification accuracies, and that implies the robustness of the selected 

features and feature-combinations; see Tables 13 and 15. As expected, Procedure 2 

outperformed Procedure 1 by at least 10% testing classification accuracy; a maximum 

of 83.6% testing classification accuracy for Procedure 2 compared to a maximum of 

72.1% for Procedure 1.  

Figure 14 shows the discriminability of the selected feature-combinations for 

each risk factor’s subset. Furthermore, Figure 14-(e) shows that the probability of 

getting an error with a classification decision greater than 0.4 is less than 10%, and 

the probability of getting an error with a classification decision lesser than -0.7 is less 

than 5%. 

Subjects from the non-OSA group with a voting value >-0.7 and the OSA group 

with a voting value <0.4 have only shown a significant difference i 

n the NC. In addition, from Table 16, the average values of the anthropometric 

parameters are comparable to the used thresholds (i.e., Age=50, BMI=35, and NC=40). 

That might indicate the low classification power for the individuals with 

anthropometric values near to the threshold values. Finally, removing the two risk 

factor subsets (high-NC and low-MpS) has increased the testing classification accuracy 

from 82% to 83.6%, but there is no clear explanation for this improvement. 
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In this study, we investigated which sound features were most frequently 

selected as the best features in the different stages of feature reduction. Out of the 

23 sound features presented in Table 11, 15 were extracted from the mouth 

inspiratory phase. This finding is congruent with our previous work (Elwali & 

Moussavi, 2017), even though the methodology of feature selection in that work was 

different. 

One of the most repeated and selected features (Feature 3) has shown on 

average a lower power within the frequency components of 1100 to 1500 Hz for the 

non-OSA group compared to that in the OSA group. On the other hand, Feature 5 that 

represents resonant frequency showed OSA individuals tend to have higher resonant 

frequencies than non-OSA individuals. These findings imply that the UA of the OSA 

group is characterized by a high deformation and stiffness compared to the non-OSA 

group. Thus, that facilitates high energy in the high-frequency components in UAs in 

the OSA group compared to the non-OSA group. That is congruent with MRI/CT 

Imaging studies (Finkelstein et al., 2014; Lan et al., 2006) that showed the upper 

airway of OSA individuals during wakefulness on average had more regional 

compliance and stiffness. Another most repeated selected feature (Feature 17) 

showed that the bispectra of the non-OSA group characterized by higher power 

coupling between the frequency components and their second harmonics within 175-

275 Hz than that in the OSA group. Also, Feature 15 representing the randomness of 

power coupling of the bispectra, has shown more randomness in OSA individuals than 

non-OSA individuals. These findings show higher complexity or non-linearity 
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embedded in the breathing sounds constructed in the UA of OSA patients than those 

in non-OSA individuals. These results imply that the deformation of the UA of OSA 

individuals is higher than in non-OSA, which is congruent with the MRI/CT Imaging 

studies (Finkelstein et al., 2014; Lan et al., 2006).  

  



 

113 
 

Limitation of the study 

In this study, we have examined the effect of most of the anthropometric 

variables, but we did not have enough data to form all crucial subgroups such as 

females and NC <40 subgroups. In addition, we did not have a balanced and suitable 

number of individuals for each subset under the two OSA severity groups. Thus, in our 

future study, we will increase our dataset to include an equal number of participants 

with all confounding variables to overcome the above limitation.  
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Conclusion 

This study showed that anthropometric parameters affect the tracheal 

breathing sounds features, and this effect can be positively utilized to improve the 

classification accuracy of OSA and non-OSA groups during wakefulness. Despite using 

a sharp AHISupine threshold (AHI=15), Procedure 2 with three-feature combinations 

showed a promising high classification accuracy between the non-OSA and OSA 

groups. We believe that this accuracy will increase if we have a higher number of data 

in each anthropometric variable subgroup. Overall, this study confirms the feasibility 

of using tracheal breathing sounds as a reliable screening tool for detecting OSA 

individuals with reasonable sensitivity (74.5%) and specificity (90.1%). Using the 

proposed recording methodology combined with the strategy followed in Procedure 

2, screening for OSA would be more effective and reliable, especially for people 

undergoing full anesthesia prior to surgeries. 
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Chapter V - A Novel Decision-Making Procedure during Wakefulness for 

Screening Obstructive Sleep Apnea using Anthropometric Information 

and Tracheal Breathing Sounds  

Synopsis 

This chapter discusses a new algorithm (AWakwOSA) for screening OSA during 

wakefulness using Random-Forest machine learning. This study has used total AHI. 

This study was published in the journal Scientific Report Nature 2019 August, Article 

ID: 31391528, DOI: 10.1038/s41598-019-47998-5, Authors: Ahmed Elwali and Zahra 

Moussavi. 

Abstract 

Obstructive sleep apnea (OSA) is an underdiagnosed common disorder. 

Undiagnosed OSA, in particular, increases the perioperative morbidity and mortality 

risks for OSA patients undergoing surgery requiring full anesthesia. OSA screening 

using the gold standard, Polysomnography (PSG), is expensive and time-consuming. 

This study offers an objective and accurate tool for screening OSA during wakefulness 

by a few minutes of breathing sounds recording. Our proposed algorithm 

(AWakeOSA) extracts an optimized set (3-4) of breathing sound features specific to 

each anthropometric feature (i.e. age, sex, etc.) for each subject. These personalized 

group (e.g. age) classification features are then used to determine OSA severity in the 

test subject for that anthropomorphic parameter. Each of the anthropomorphic 
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parameter classifications is weighted and summed to produce a final OSA severity 

classification. The tracheal breathing sounds of 199 individuals (109 with 

apnea/hypopnea index (AHI) <15 as non-OSA and 90 with AHI ≥15 as 

moderate/severe-OSA) were recorded during wakefulness in the supine position. The 

sound features sensitive to OSA were extracted from a training set (n=100). The rest 

were used as a blind test dataset. Using Random-Forest classification, the training 

dataset was shuffled 1200-6000 times to avoid any training bias. This routine resulted 

in 81.4%, 80.9%, and 82.1% classification accuracy, sensitivity, and specificity, 

respectively, on the blind-test dataset which was similar to the results for the out-of-

bag-validation applied to the training dataset. These results provide a proof of 

concept for AWakeOSA algorithm as an accurate, reliable and quick OSA screening 

tool that can be done in less than 10 minutes during wakefulness. 
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Introduction 

Obstructive sleep apnea (OSA) is a common syndrome characterized by 

repetitive episodes of complete (apnea) or partial (hypopnea) pharyngeal collapse 

during sleep (American Academy of Sleep Medicine, 2005). The severity of OSA is 

commonly measured by the apnea/hypopnea index (AHI), which is the number of 

apnea/hypopnea episodes per hour of sleep. Usually, an AHI <5 is considered as non-

OSA, 5< AHI <15 as mild, 15< AHI <30 as moderate and AHI >30 as severe OSA. 

Clinically, however, it is a common practice to consider individuals with AHI <15 as 

those who may not benefit from treatment, and therefore an AHI of 15 is used as a 

threshold to determine severity (Littner, 2007; Medscape, Aug 23, 2016). Signs and 

symptoms of OSA include excessive daytime sleepiness, loud snoring, and observed 

episodes of breathing ceasing, gasping and/or choking during sleep (Epstein et al., 

2009). OSA can severely impact the quality of sleep, and therefore the quality of life. It 

is associated with an increased risk of developing cardiovascular problems, 

hypertension, stroke, depression, diabetes, and headaches, as well as traffic accidents 

(ResMed, 2013). These comorbidities may be worsened if OSA is not treated 

(Bonsignore et al., 2019). In addition, it has been suggested to consider the existence 

of critical comorbidity for OSA to determine its severity and its treatment 

management (Vavougios, Natsios, Pastaka, Zarogiannis, & Gourgoulianis, 2016). 

Furthermore, not taking suitable precautions (due to lack of accurate and reliable 

screening tools for OSA) prior to full anesthesia of OSA patients undergoing a sugary 

may lead to perioperative morbidity and mortality (American Society of 
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Anesthesiologists, 2006; Gross et al., 2014). An accurate OSA screening tool, in 

particular for patients prior to undergoing a surgery requiring full anesthesia, would 

reduce these risks (American Society of Anesthesiologists, 2006; Gross et al., 2014). 

This paper reports on a novel OSA classification procedure as a quick and accurate 

screening tool, based on anthropometric information and a few minutes of breathing 

sounds recorded during wakefulness. 

The gold standard for OSA diagnosis is an overnight Polysomnography (PSG) 

assessment. However, it is costly and time-consuming. There are many portable 

monitoring devices for OSA, but they all require an overnight recording. In Canada 

and US, about 10% of the population suffer from OSA (Young, T. et al., 2008), while 

the number of qualified sleep rooms available for conducting PSG studies is limited. 

Consequently, there is a long waiting list of patients; in some places, the waiting time 

exceeds a year for an overnight full PSG. Due to the mentioned facts, it is very 

desirable for anesthesiologists, in particular, to have an efficient perioperative 

management plan based on an objective, reliable and prompt diagnostic or screening 

tool for OSA (American Society of Anesthesiologists, 2006; Chung & Elsaid, 2009; 

Gross et al., 2014). 

A quick OSA screening tool that is commonly used for patients undergoing 

surgery requiring full anesthesia is the STOP-BANG questionnaire (Nagappa et al., 

2015). It is a simple, quick, and inexpensive assessment that is reported to have a high 

sensitivity (~93%) but at the cost of a very poor specificity (~36%) (Nagappa et al., 

2015). Any assessment with poor specificity indirectly increases the referral rate to 
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the full PSG study; thus, increases healthcare system’s cost. Therefore, there is a need 

for a quick and reliable objective technology with high sensitivity and specificity for 

OSA screening applicable during wakefulness. 

Our team has been pioneering in proposing the use of tracheal breathing 

sound analysis during wakefulness for screening OSA (Elwali & Moussavi, 2017; 

Karimi, 2012; Montazeri et al., 2012; Moussavi, Z. et al., 2015). Aside from our team, 

several research groups around the globe have been working on the possibility of 

using either tracheal breathing or vocal sounds during wakefulness to predict OSA 

(Goldshtein et al., 2011; Jung et al., 2004; Kriboy et al., 2014; Solà-Soler et al., 2014). 

Overall, those studies have reported an accuracy between 79.8% to 90% with both 

comparable sensitivity and specificity. While their accuracy is much better than the 

STOP-BANG questionnaire, none of the reported accuracies indicate blind test 

accuracy. In addition, their unbalanced sample sizes were quite small [23 (minimum 

10 subjects for non-OSA) and 70 (minimum 13 subjects for OSA)] given the 

heterogeneity of OSA population. 

In our team, we have investigated the use of tracheal breathing sounds 

analysis for screening OSA. Breathing sounds recorded from the mouth and nose were 

first sequestered into inspiratory and expiratory sounds; then, the characteristic 

features were extracted by spectral, bispectral and fractal analyses, followed by a 

classification routine for estimating the severity of OSA.  

 Our hypothesis is that the upper airway (UA) deformities due to OSA affects 

the breathing sounds even during wakefulness, and that effect should be detectable 
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by tracheal breathing sounds analysis (Finkelstein et al., 2014; Lan et al., 2006; 

Moussavi, Z. et al., 2015). In our team’s previous works (Elwali & Moussavi, 2017; 

Karimi, 2012; Montazeri et al., 2012; Moussavi, Z. et al., 2015), we showed the proof 

of concept for this hypothesis. Moreover, in our recent work, we achieved a testing 

classification accuracy of ~84% with comparable (<10% difference) specificity and 

sensitivity for two balanced groups of non-OSA (AHI ≤5, n = 61) and OSA (AHI ≥10, n = 

69) (Elwali & Moussavi, 2017). We also showed a significant superiority of using 

tracheal breathing sound features over the use of only anthropometric information 

(i.e., sex, age, neck circumference) for screening OSA during wakefulness(Elwali & 

Moussavi, 2017). However, the effects of the anthropometric confounding variables 

(i.e., age, sex, height, etc.) on the sound signals were not investigated. In addition, as 

the goal is to have a quick screening with high sensitivity of identifying the OSA 

individuals in need of treatment, it is desirable to have only one threshold (e.g., 

AHI=15) for such decision making. Although it is difficult to distinguish an AHI of 14 

and 16 from each other, the AHI=15 was chosen as the threshold because it is the 

most common clinically accepted threshold to separate OSA individuals in need of 

treatment from those who do not benefit from a treatment (Littner, 2007; Medscape, 

Aug 23, 2016). When we applied the technique used in our previous publication 

mentioned above with this threshold AHI=15, the blind-test accuracy dropped to 

<70%, which is not desirable. It is commonly discussed that AHI is not the best 

indicator of a diagnostic decision for OSA. Sleep medicine doctors usually base their 

decision on several factors such as daytime sleepiness, number of arousals/night, etc. 
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along with AHI. However, for a quick screening with automated real-time screening, 

we have to have a reference for accuracy, and AHI is the most common standard 

used. Therefore, we propose a new decision-making algorithm, called AWakeOSA, 

using anthropometric information and a few minutes of tracheal breathing sounds 

recorded during wakefulness to identify OSA individuals in need of treatment. This 

algorithm considers the confounding anthropometric effects on the breathing sounds 

and uses them to predict the severity of OSA in a subgroup with a similar confounding 

variable. 

The premise of the AWakeOSA algorithm is to find the best sound features 

sensitive to OSA severity (determined by AHI) for each subgroup of individuals with a 

specific anthropometric factor (i.e., age, sex, weight, etc.); the algorithm is shown 

schematically in Fig. 15. Since the OSA population is very heterogeneous and many 

confounding variables such as age, sex, height, weight, etc. affect breathing sound 

characteristics (Barsties, Verfaillie, Roy, & Maryn, 2013; Linville, 2001; Titze, 2000; 

Torre III & Barlow, 2009), it is challenging to have some sound features predicting AHI 

for all individuals. The proposed AWakeOSA algorithm (Fig. 15) overcomes this 

challenge by grouping individuals into subgroups based on their specific 

anthropometric factors that in turn affect breathing sounds. Then, in each subgroup, 

the best sound features to predict AHI are extracted, and a classifier is trained using a 

training set of data. The classifiers’ outcomes in each subgroup are then used in a 

weighted average voting scheme to make the classification decision OSA (AHI >15) or 

non-OSA (AHI <15).  
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Figure 15. The AWakeOSA algorithm used for decision making routine using the 
weighted outcomes from each of the used anthropometric subsets classifiers. Legend: 
RF: Random-Forest; AHI: apnea-hypopnea index. 

In this paper, we present the results of the AWakeOSA algorithm for an 

AHI=15 as the threshold for data collected from 199 individuals with various severity 

of OSA (AHI was between 0 to 143, out of which about 45% of data were set aside as a 

blind test and the remaining was used for extracting features and training the 

classifiers. In all instances, we used a two-group classification algorithm based on the 

Random-Forest algorithm (Breiman, 2001). 
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Results 

In this study, the breathing sounds data of 199 participants made up of 109 

non-OSA individuals (50 males, AHI<15) and 90 OSA individuals (66 males, AHI>15) 

were used. All data were recorded during wakefulness in the evening (~8 PM) before 

the participants proceed to PSG sleep study. Anthropometric parameters for the two 

groups are reported in Table 17. The data of the two groups were not matched in 

terms of any of the confounding variables: sex (male/female), body mass index (BMI 

threshold = 35), neck circumference (NC threshold = 40), age (threshold = 50), or 

Mallampati score (MpS threshold = 3). Out of the 199 individuals’ dataset, 86 

individuals (47 non-OSA and 39 OSA) data were set aside as a blind test for assessing 

the algorithm’s accuracy. Table 17 also shows the anthropometric information for the 

two groups of training and testing. 

Table 17 PARTICIPANTS’ ANTHROPOMETRIC INFORMATION. LEGEND: AHI: APNEA-
HYPOPNEA INDEX, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: 
MALLAMPATI SCORE, M/F: MALE/FEMALE.  

 AHISupine 
Age 

Sex 
BMI NC 

MpS 
n>50 n≤50 n≥35 n<35 n>40 n≤40 

The entire dataset (199 subjects) 

Non-OSA (AHI<15, 
n=109) 

3.6 ± 4.0 
48.6 ± 12.7 

50 M, 59 F 
31.8 ± 7.2 39.8 ± 5.1 59 ’I’, 25 

‘II’,15 ‘III’ and 
9 ‘IV’ 50 59 28 81 50 59 

OSA (AHI≥15, n=90) 42.9 ± 32.7 
52.2 ± 11.6 

66 M, 24 F 
36.4 ± 8.0 44.1 ± 3.7 22 ’I’, 30 ‘II’, 

22 ‘III’ and 16 
‘IV’ 52 38 44 46 72 18 

The training dataset (113 subjects) 

Non-OSA (AHI<15, 
n=62) 

3.4 ± 3.7 
49.2 ± 12.9 

32 M, 30 F 
31.7 ± 7.4 40.1 ± 5.2 32 ’I’, 14 

‘II’,11 ‘III’ and 
4 ‘IV’ 30 32 18 44 32 30 

OSA (AHI≥15, n=51) 52.8 ± 39.9 
52.0 ± 12.0 

36 M, 15 F 
37.3 ± 9.0 43.9 ± 3.9 13 ’I’, 14 

‘II’,16 ‘III’ and 
8 ‘IV’ 29 22 25 26 39 9 

The Blind testing dataset (86 subjects) 
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Non-OSA (AHI<15, 
n=47) 

3.9 ± 4.3 
47.8 ± 12.5 

18 M, 29 F 
31.9 ± 7.0 39.5 ± 5.1 27 ’I’, 11 ‘II’,4 

‘III’ and 5 ‘IV’ 20 27 10 37 18 26 

OSA (AHI≥15, n=39) 29.9 ± 17.6 
52.5 ± 11.0 

30 M, 9 F 
35.3 ± 6.4 44.3 ± 3.5 9 ’I’, 16 ‘II’,6 

‘III’ and 8 ‘IV’ 23 16 19 20 33 6 

AHI was found to have significant correlations with BMI, NC, and MpS (r= 0.44, 

0.43, and 0.26, respectively). However, when we used the available anthropometric 

information (i.e., BMI, age, NC, and sex) of the STOP-BANG questionnaire (Nagappa et 

al., 2015) and classified the entire dataset (199 subjects) for the two OSA severity 

groups (with AHI=15 as a threshold), the resulted classification accuracy, specificity, 

and sensitivity were found to be only 63.4%, 74.3%, and 50.5%, respectively. 

Next, we analyzed the recorded breathing sounds collected from four 

breathing maneuvers (i.e., Mouth and Nose –inspiration and -expiration). While we 

used a sharp threshold of AHI=15 for training classifiers, for the feature extraction and 

reduction stage, only data of subjects with AHI ≤10 (n=60) and AHI ≥20 (n=40) in the 

training dataset were used. Using the algorithm shown in Fig. 15, we analyzed the 

recorded breathing sounds in each of the following subsets of the training dataset 

separately: BMI <35, Age >50, Age ≤50, male, NC >40, and MpS ≤2. Subjects in each 

subset were matched with respect to only one anthropometric variable. We did not 

have subsets of BME >35 or NC <40, etc due to limited sample size. The selected and 

used subsets had ≥30 non-OSA subjects and ≥20 OSA subjects, which were reasonable 

numbers for feature extraction and reduction and group classification. 

The number of breathing sound features extracted from the two breathing 

maneuvers, while analyzing inspiratory and expiratory phases separately, was around 
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250. Using the proposed feature reduction procedure (see appendix) on the training 

dataset, around 15 features per each anthropometric subset were selected for further 

investigation. These sound features showed significant differences (p<0.05) between 

the two OSA severity groups as they were highly correlated (p<0.01) with AHI. In 

addition, they showed an effect size >0.8. Table 18 shows the selected sound 

features’ definition, breathing maneuver, investigated subset, and their correlation 

coefficient with AHI. 

Table 18 DESCRIPTIONS AND DETAILS OF THE SELECTED FEATURES. LEGEND: INS/EXP: 
INSPIRATION/EXPIRATION, M/N: MOUTH/NOSE, MEAN: ARITHMETIC MEAN, GMEAN: 
GEOMETRIC MEAN, P(F): THE POWER SPECTRUM, B(F,F): THE BISPECTRUM, F: 
FREQUENCY, FN: FEATURE NUMBER, BM: BREATHING MANEUVER, SUBSET: SUBSET 
OF USAGE, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: MALLAMPATI 
SCORE, CC: THE CORRELATION COEFFICIENT WITH AHI. ALL CORRELATIONS WERE 
SIGNIFICANT AT p<0.01 LEVEL. 

 

FN BM Feature’s definition Subset CC 

1 Exp
M 

 𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=130
𝑓2=235

−   𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=1260
𝑓2=1410

 All 
data 

-0.40 

2 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=250
𝑓2=355

 All 
data 

0.37 

3 Exp
M 

 𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝑃(𝑓)𝑓1=300
𝑓2=550

 All 
data 

-0.48 

4 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=1200
𝑓2=1515

 All 
data 

0.25 

5 InsM  𝐺𝑚𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=140
𝑓2=270

 BMI 
<35 

-0.41 

6 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝐵(𝑓, 𝑓) 𝑜𝑛 0.5𝑓 − 𝑓 𝑙𝑖𝑛𝑒𝑓1=140
𝑓2=270

 BMI 
<35 

-0.45 

7 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=275

 BMI 
<35 

-0.40 

8 InsN  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=𝑚𝑖𝑛
𝑓2=𝑚𝑎𝑥

 BMI 
<35 

0.43 

9* InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=130
𝑓2=280

 Age 
>50 

-0.35 

10
* 

InsN  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝑃(𝑓)𝑓1=80
𝑓2=560

 Age 
>50 

0.37 

11 InsM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=230

 Age 
>50 

0.32 
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12 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=280

 Age 
>50 

-0.37 

13 InsN  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=280

 Age 
>50 

-0.48 

14 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=270
𝑓2=370

 Age 
≤50 

0.52 

15 ExpN   𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=450
𝑓2=550

 Age 
≤50 

-0.41 

16 InsM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝐵(𝑓, 𝑓) 𝑜𝑛 0.5𝑓 − 𝑓 𝑙𝑖𝑛𝑒𝑓1=390
𝑓2=510

 Age 
≤50 

0.40 

17 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=250
𝑓2=350

 Male 0.42 

18 InsN 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 𝑝𝑒𝑎𝑘 𝑓𝑜𝑟 𝑜𝑓 𝑃(𝑓) 𝑤𝑖𝑡ℎ 𝑎 𝑐𝑢𝑡𝑡𝑜𝑓𝑓 𝑜𝑓 550 𝐻𝑧 Male 0.53 

19 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=395
𝑓2=520

 NC >40 0.37 

20 InsM  𝐹𝑟𝑒𝑞𝑢𝑒𝑠𝑛𝑐𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑜𝑓 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑒𝑎𝑘𝑠 𝑜𝑓 𝑃(𝑓)𝑓1=60
𝑓2=600

 NC >40 0.29 

21 InsM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=60
𝑓2=600

 𝑜𝑛 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒 NC >40 0.35 

22 InsN  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=395
𝑓2=520

 NC >40 0.28 

23 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=250
𝑓2=350

 MpS 
<3 

0.34 

24 InsM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝐵(𝑓, 𝑓) 𝑜𝑛 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒𝑓1=1090
𝑓2=1460

 MpS 
<3 

0.27 

25 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝐵(𝑓, 𝑓) 𝑜𝑛 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒𝑓1=1260
𝑓2=1460

 MpS 
<3 

0.39 

26 Exp
M 

 𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=1260
𝑓2=1410

 MpS 
<3 

0.36 

* Features 9 and 10 were used alternatively 
 

 

In the next stage of the AWakeOSA algorithm, we used the selected sound 

features and one anthropometric feature, the NC, as the features for classification 

because it showed a significant correlation (0.43, with p<0.01) with AHI when tested 

on the training dataset. The NC feature was investigated further in all subsets other 

than its own subset. Thus, the selected sound features and NC were divided into 

three- and four-feature combinations. These feature combinations were used to 

classify each participant’s data in every subset to one of the two OSA severity classes. 

Table 18 column 4 shows the sound features used per anthropometric subset 

constructing the combination for classification. NC was selected and used in age ≤50 

and male subsets.  
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Table 19 shows the classification accuracy, specificity, and sensitivity for the 

out of the bag-validation using Random-Forest classification (Breiman, 2001) and for 

the blind testing dataset for each anthropometric subset separately as well as the 

final voted classification. In addition, Table 19 shows the correlation coefficient 

between AHI/logarithm (AHI) and each of the feature combinations using the linear 

regression analysis. Figure 16 shows the linear regression analysis outcomes of the 

selected feature combinations selected for age ≤50 and male subsets with the AHI in 

logarithmic scale. Furthermore, feature combination selected for age ≤50 showed the 

highest testing classification accuracy of 86% within its own subgroup. When this 

feature combination used for the entire training dataset and blind data set, it resulted 

in 71.6% accuracy for out of the bag-validation of the training set and 75.6% for the 

blind testing data. 

Table 19 CORRELATION COEFFICIENT (CC) OF EACH FEATURE COMBINATION AND AHI 
AND CLASSIFICATION RESULTS USING FEATURE COMBINATIONS FOR EACH 
ANTHROPOMETRIC SUBSET SEPARATELY. LEGEND: CCDB: CC WITH THE LOGARITHM 
OF AHI, BMI: BODY MASS INDEX, NC: NECK CIRCUMFERENCE, MPS: MALLAMPATI 
SCORE. 

Groups 
CC/CCdB Out of bag-validation Blind testing 

 Accuracy Sensitivity Specificity Accuracy Sensitivity Specificity 

BMI <35 0.46/-- 78.9% 81.8% 74.1% 68.4% 75.7% 55.0% 

Age >50 0.52/-- 81.7% 83.3% 80.0% 67.4% 60.0% 73.9% 

Age ≤50 0.63/0.66 85.7% 84.4% 87.5% 86.0% 85.2% 87.5% 

Male 0.49/0.60 75.0% 71.9% 77.8% 64.6% 66.7% 63.3% 

NC >40 0.43/-- 75.0% 75.0% 75.0% 64.7% 66.7% 63.6% 

MpS ≤2 0.47/0.51 73.3% 71.7% 75.9% 74.6% 81.6% 64.0% 

Final voted results 

Voted Accuracies -- 82.3% 81.4% 82.3% 81.4% 82.1% 80.9% 

 



 

132 
 

 

Figure 16. Linear regression models of feature combinations selected for age ≤50 (top) 
and male (bottom) subsets with the logarithm of AHI. Blue dots show the estimated 
logarithm of AHI values by the model. Legend: AHI: apnea-hypopnea index. CC: 
correlation coefficient.  

The overall classification results using the proposed weighted linear voting 

scheme, illustrated in Fig. 15, were found to be 82.3%, 82.3%, and 81.4% for 

classification accuracy, specificity, and sensitivity for the out of the bag-validation, and 

81.4%, 80.9%, and 82.1% for classification accuracy, specificity, and sensitivity for the 

blind testing data, respectively. Figure 17 shows the scatter plot for overall out of bag-
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validation (top) and blind (bottom) testing classification decisions. A classification 

decision of 1 (considering 100% for both specificity and sensitivity) means that all the 

used Random-Forest classifiers of each anthropometric subset voted the subject into 

the OSA group, while classification decision of -1 (considering 100% for both 

specificity and sensitivity) means all the used Random-Forest classifiers of each 

anthropometric subset voted the subject into the non-OSA group.  
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Figure 17. Scatter plot for out of the bag-validation in the training dataset (top) and 
blind testing (bottom) classification decisions; Blue and Red colors represent non-OSA 
and OSA individuals, respectively. 

Anthropometric information of the misclassified subjects in both out of bag-

validation and blind testing classification are listed in Table 20. Out of 109 non-OSA 
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subjects, 20 were misclassified to the OSA group, and out of 90 OSA subjects, 16 were 

misclassified to the non-OSA group. We also investigated whether removing a 

subset’s decision from the voting stage in the AWakeOSA algorithm would improve or 

degrade the overall classification results. The results indicated removing any of the 

subsets decreases the classification performance by 2.5-8%. 

Table 20 ANTHROPOMETRIC INFORMATION OF ALL MISCLASSIFIED SUBJECTS WITHIN 
THE TRAINING DATASET (OUT OF THE BAG-VALIDATION) AND BLIND TESTING DATA. 
LEGEND: NC: NECK CIRCUMFERENCE, BMI: BODY MASS INDEX, MPS: MALLAMPATI 
SCORE. 

 AHI Age Sex BMI NC MpS 

Non-OSA (AHI<15, 
n=20) 

3.1 ± 3.1 
45.9 ± 
13.6 

13 M, 7 F 36.7 ± 7.6 43.2 ± 3.4 
13 ’I’, 4 ‘II’, 2 ‘III’ and 
1 ‘IV’ 

OSA (AHI>15, n=16) 
37.0 ± 
28.3 

54.2 ± 
11.8 

13 M, 3 F 34.4 ± 6.9 43.3 ± 3.6 
5 ’I’, 6 ‘II’, 4 ‘III’ and 1 
‘IV’ 

Total (n=36) 
18.2 ± 
25.3 

49.6 ± 
13.3 

26 M, 10 
F 

35.7 ± 7.3 43.2 ± 3.4 
18 ’I’, 10 ‘II’, 6 ‘III’ 
and 2 ‘IV’ 
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Discussion 

Undiagnosed severe OSA significantly increases the healthcare cost and the 

risk of perioperative morbidity and mortality (American Society of Anesthesiologists, 

2006; Gross et al., 2014). A quick, accurate, and reliable screening tool can help 

resolve this. This study proposes a new algorithm (AWakeOSA) for screening OSA 

using anthropometric information and tracheal breathing sounds during wakefulness. 

Anthropometric measures have been shown to have a high sensitivity in 

screening OSA (El-Sayed, 2012; Nagappa et al., 2015) but at the cost of a very poor 

specificity (~36%) (Nagappa et al., 2015). This might be in part due to the subjectivism 

of most of the STOP-BANG parameters. Although those parameters do not have a 

good classification power to screen OSA, they are correlated with AHI and also affect 

breathing sounds (Barsties et al., 2013; Linville, 2001; Nagappa et al., 2015; Titze, 

2000; Torre III & Barlow, 2009). In our dataset, Anthropometric parameters had a 

correlation of 0.03<|r|≤0.44 with AHI, and 0.00<|r|≤0.5 with breathing sounds. 

Previously, in our team, we showed that breathing sounds have a much higher 

classification power for screening OSA than the anthropometric features (Elwali & 

Moussavi, 2017). When we used only sound features for classification of OSA severity 

with a sharp AHI=15, the classification accuracies were found to be 79.3% and 74.4% 

for out of bag-validation and blind testing, respectively. These accuracies are much 

higher than what STOP-BANG questionnaire can provide (63.4%) but not high enough 

nor sufficient for a reliable (robust) OSA screening during wakefulness. 
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In order to increase the accuracy and reliability of using breathing sounds to 

screen OSA during wakefulness, in this study, we propose a new algorithm, called 

AWakeOSA. This algorithm (shown schematically in Fig. 15) uses the anthropometric 

features to subgroup the data and get a classification vote in each subgroup, while the 

final classification is based on the average vote of all subsets. This subdivision has 

been done to reduce the impact of the confounding variables on the feature 

extraction stage and the classification process. The results showed that the new 

AWakeOSA voting algorithm provides a higher and more reliable blind test accuracy, 

even with a sharp threshold of AHI=15. The main challenge in all studies using 

breathing sounds analysis for wakefulness OSA screening is the heterogeneity of the 

population. As the cause of OSA can vary among individuals, people with the same 

OSA severity can have very different anthropometric features, and those differences 

affect respiratory sounds differently. The new proposed algorithm takes into account 

such heterogeneity and tries to find the best sound features specific to each subset of 

data that share one particular important confounding variable such as age, BMI, sex, 

etc. On the other hand, as the effect of these features on the sounds varies, we allow 

a weighting factor for each subset classifier’s vote. The weighting factor for each 

subset’s classifier vote is based on the sensitivity and specificity of the classifier 

developed in the training stage; please see the Appendix for details. 

We divided the subsets based on age, sex, BMI, Mallampati score, and neck 

circumference. Aging affects the female’s voice by decreasing its pitch, and the male’s 

voice by increasing its pitch (Torre III & Barlow, 2009). Furthermore, aging causes 
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muscle mass loss, drying of the mucous membrane, and increasing speech variability 

(Linville, 2001); thus, we used two subsets for age >50 and age <50 separately. Sex 

was selected as a subset as it is known that females’ voice has a higher fundamental 

frequency pitch than men (Titze, 2000), and that is independent of OSA severity; thus 

it is important to separately analyze males and females’ breathing sounds. BMI has a 

significant effect on vocal quality and breathing sounds (Barsties et al., 2013); thus, 

we used two subsets for BMI>35 and <35. Mallampati score is an indicator of 

pharyngeal size, and therefore associated with narrowing of upper airway (Gupta, 

Sharma, & Jain, 2005); thus, MpS >2 and <3 were chosen to form two subsets. The 

neck circumference is one of the most important OSA risk factors (Ahbab et al., 2013); 

hence, we investigated participants with NC <40 and >40 separately. If our dataset’s 

size was larger so that we could have more subjects in each subset, it might have been 

beneficial to form subsets based on height and weight independent of BMI as well. 

Nevertheless, BMI and NC are highly correlated with weight and height; thus, 

including subsets of weight and height may not improve the accuracy significantly. 

Among the anthropometric subsets, the lower age subset (age ≤50) showed 

the highest testing classification accuracy (86%) compared to the others. This was not 

a surprising outcome. Age is a well-known risk factor for OSA (Bixler, Vgontzas, Ten 

Have, Tyson, & Kales, 1998). Healthy individuals of age ≤50, in general, do not suffer 

from losing their upper airway muscle mass that in turn is responsible for upper 

airway collapse during an apnea/hypopnea event. They have more muscle tone than 

their age-matched OSA individuals. Thus, the loss of muscle tone is correlated with 
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AHI in this group, and it affects breathing sounds significantly. In addition, after 

investigating the anthropometric information of the low age subset, we found that 

the majority of non-OSA individuals in this subset also had BMI <35, MpS <3, NC <40, 

and were females. On the other hand, the majority of the OSA individuals in this 

subset were from the opposite categories. Therefore, the low age subset was 

expected to have the highest classification accuracy among the other subsets to 

classify individuals with AHI >15 and <15. 

Another interesting observation for the selected feature combination for low 

age and male subsets is their high correlation (0.66 and 0.6, respectively) with AHI in 

the logarithm scale as shown in Fig. 16.  This implies the severity of OSA increases 

exponentially with an increase in AHI. Clinically, this is also implied as the challenge in 

OSA diagnosis for people with relatively low AHI. Otherwise, a very high AHI matches 

with apparent clinical symptoms. 

Among the selected sound features, only 6 features were extracted from 

frequency components above 1100 Hz, while the rest of the features were extracted 

from frequency components below 600 Hz. This indicates that OSA affects low-

frequency components the most. Thus, it is important to record breathing sounds 

with devices that do not filter out either low or high frequencies.  One of the best 

sound features has been the mean of the slope of the power spectrum of the nose 

inspiratory signal recorded within a frequency band of 250 – 350 Hz. This feature was 

selected 3 times in the following subsets: age ≤50, Male, and MpS <3. During nose 

inspiration, the upper airway’s muscles are active, while the pharynx cavity is patent. 
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Pharynx cavity is responsible for transporting air from the nose to the lung, or the 

opposite. The upper airways of OSA individuals are commonly characterized by 

narrowing in the pharynx, thick tongue, losing muscles’ tone, thick and long soft 

palate (Lan et al., 2006). These characteristics contribute to a significant narrowing of 

the upper airway cavity, increasing the chance of OSA during sleep. The mean of the 

spectral slope in 250-350 Hz shows that after 250 Hz the power of the sound of OSA 

individuals is increasing, but it is decreasing in non-OSA individuals (Fig. 18). It also 

shows the OSA individuals tend to have higher resonant frequencies than non-OSA 

individuals. These outcomes imply that the OSA group is characterized by a more 

deformed and stiff upper airway than non-OSA. This is congruent with MRI/CT 

Imaging studies (Finkelstein et al., 2014; Lan et al., 2006) that showed the upper 

airway of OSA individuals during wakefulness on average had more regional 

compliance and stiffness.  
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Figure 18. The average power spectrum of the signal recorded from nose inspiration. 
Dotted lines represent the 95% confidence interval. Red color represents the OSA 
group. Blue color represents the non-OSA group. 

Based on the final overall classification decisions (see Fig. 17), classifying a 

subject with an overall classification decision >0.7 or <-0.7 has about 90% confidence 

of being in the correct class. We also investigated whether all the subsets’ 

contribution to reach a reliable final vote for group assignment was significant. 

Excluding one of the selected subsets from the last voting stage degraded the overall 

classifier performance. Therefore, the proposed subsets are all critical to being 

considered in the analysis.  

It is of interest to note the anthropometric parameters of the misclassified 

subjects. As can be seen in Table 20, the majority of misclassified subjects in the non-
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OSA group have age <50, male-sex, BMI >35, NC >40, and MpS <3. On the other hand, 

the majority of misclassified subjects in the OSA group have age >50, male-sex, BMI 

<35, NC >40, and MpS <3; bold words show risk factors for the opposite group based 

on the STOP-BANG questionnaire. This implies the anthropometric parameters or risk 

factors show correlations with AHI, yet do not have classification power and can result 

in misclassification.   
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Limitations of the study 

All participants were recruited randomly from those referred to the sleep lab 

for full PSG assessment. In this study, we only considered the anthropometric 

confounding variables as we did not have information about the plausible existing 

OSA comorbidities for our study subjects. A study has shown a high correlation of 

some comorbidity and OSA severity, and has suggested considering those 

comorbidities in determining OSA severity and its treatment options (Vavougios et al., 

2016). In this study, we did not have any information about the comorbid conditions 

of our study participants; the anthropometric information was the only available data 

along with the PSG reports. It is plausible that adding subgroups based on 

comorbidities would increase the accuracy of our AWakeOSA algorithm; that is a 

future goal of our studies.  

Our dataset (199 subjects) has been the largest dataset studied on this topic; 

nevertheless, it is still not enough to overcome the heterogeneity of the population 

under study. We will need a much larger dataset so that we have an equal and 

reasonable number for every important anthropometric factor. For this study, we did 

not have enough numbers for the subgroups: females and individuals with NC <40, 

MpS >2, and BMI >35. Sample size limitation also limits the Investigation of the 

reasons behind the misclassification. In addition, while our recorded sounds have had 

a large bandwidth compared to others in the literature, still it would be of interest to 

expand the bandwidth both at very low (down to 10 Hz) and high frequencies (up to 

16 kHz) as they may reveal a better physiological interpretation.  
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Conclusion 

This study shows that anthropometric parameters affect the tracheal 

breathing sounds, and their effects can be positively utilized to improve the accuracy 

and reliability of OSA identification during wakefulness. All selected sound features 

for each anthropometric subgroup were statistically significant different (p-value 

<0.05) between the two OSA groups. Despite using a sharp AHI threshold (AHI=15), 

our proposed AWakeOSA algorithm shows a promising high classification blind-test 

accuracy with 82.1% sensitivity and 80.9% specificity.  The AWakeOSA technology will 

be of great interest for OSA identification during wakefulness, in particular for 

anesthesiologists to be prepared accordingly for patients undergoing full anesthesia. 

As such reliable and quick OSA identification will reduce the perioperative resources 

and cost significantly. It will also help in reducing the number of undiagnosed OSA and 

the need for PSG assessment; thus, reducing the healthcare cost significantly. 
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Methods 

Participants and Recording protocol 

Study participants were recruited randomly from those referred to the 

overnight PSG assessment at Misericordia Health Center (Winnipeg, Canada). The 

study was approved by the Biomedical Research Ethics Board of the University of 

Manitoba. All experimental procedures were performed in accordance with the 

protocol approved by the Biomedical Research Ethics Board and its regulations. All 

participants signed an informed consent form prior to the experiments. The recording 

was performed about 1-2 hours prior to conducting the PSG study. During 

wakefulness and in the supine position (with the head rested on a pillow), tracheal 

breathing sound signals were recorded using a Sony microphone (ECM77B) 

embedded in a small chamber placed over the suprasternal notch of the trachea 

allowing ~2mm space between the skin and the microphone. The participants were 

instructed to breathe deeply at the same flow rate, first, through their nose, and then, 

through their mouth with 5 breath cycles for each breathing maneuver. At the end of 

each breathing maneuver, participants were instructed to hold their breath for a few 

seconds to record the background noise (called silent period); for more details about 

the recording protocol see (Elwali & Moussavi, 2017).  The AHI values were extracted 

from the PSG records from Misericordia Health Center after the overnight PSG 

assessment that was prepared by a sleep technician. 
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Dataset 

Out of the 300 recorded breathing sounds, data of 199 individuals were 

selected as valid data. The criterion to include an individual’s data was to have at least 

two clean (no artifacts, vocal noises, tones, interruptions, and low SNR) breathing 

cycles for each breathing maneuver. Each individual’s sound signals were inspected by 

audio and visual means in time and frequency domains to separate the inspiratory 

and the expiratory phases. At the time of our wakefulness recordings, we always 

marked the first inspiratory phase to help to achieve a 100% accurate separation of 

the two phases. 

This dataset included data of 109 individuals with AHI <15 and 90 individuals 

with AHI >15. For simplicity, we call these two groups as non-OSA and OSA groups, 

hereafter. A block diagram representing the methodology is presented in Fig. 19. 

Anthropometric information of the analyzed data (199 individuals) is presented in 

Table 17. 
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Figure 19. The workflow block diagram. AHI is apnea/hypopnea index. 

Subsets’ Creation  

Overall, data of 113 individuals were used for training, and the remaining data 

of 86 individuals was used as the blind-test dataset.  Within the training set, data of 

subjects with AHI ≤10 (n=60) and AHI ≥20 (n=40) were used for feature extraction for 

the two groups of the non-OSA and OSA, respectively; these data were from 100 

subjects. Data of the remaining 13 subjects in the training dataset with 10< AHI <20 

were not used for feature extraction but were included in the training classification 

process.   
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Within the dataset of the 100 subjects used for training, the following subsets 

were created: BMI <35, Age ≤50 and >50, Male, NC >40, and MpS ≤2. These subsets 

had at least 30 and 20 individuals in each non-OSA and OSA groups, respectively.  

Signal analysis and Feature computation/extraction 

We extracted spectral and bispectral features from the breathing sounds data. 

The signals power spectra were calculated using the Welch method (Proakis, 2006), 

and their bispectra using the indirect class of conventional bispectrum estimator 

(Nikias & Raghuveer, 1987).  

In our previous work (Elwali & Moussavi, 2017), we found that the frequency 

band could be divided into main four discriminative frequency bands (i.e., 100 – 300 

Hz, 350 – 600 Hz, 1000 – 1700 Hz, and 2100 – 2400 Hz). Using these four frequency 

bands, the spectral and bi-spectral features were extracted. Some of the features (i.e., 

mean, standard deviation, spectral entropy, skewness and kurtosis, spectral centroid, 

etc.) were extracted from the non-overlapping area between the average 

spectra/bispectra and their 95% confidence intervals of the two groups of the training 

dataset. The minimum bandwidth to select a feature was set at 100 Hz. As an 

example, Fig. 18 shows the power spectra of the two groups’ inspiratory nose 

breathing. 

We also calculated Katz and Higuchi fractal dimensions (Higuchi, 1988; Katz, 

1988), and Hurst exponent (Hurst, 1951) from the signals in the time domain. 

Therefore, for each subset, approximately 250 features were extracted from the time 
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and frequency domains analyses of the mouth and nose breathing sound signals. All 

features were scaled into the range of [0, 1]. 

Feature reduction 

Feature significance 

We computed the p-value for each feature between the two OSA severity 

groups of the training dataset using the unpaired t-test. Any feature with a p-value 

>0.05 was excluded. 

Feature robustness 

Each feature was assigned a robustness score. At first, all features had 

robustness scores of zero. Using the available individuals of the two severity groups, 

small groups of 15 per OSA severity group was created. These groups were randomly 

generated and shuffled until all the individuals were selected at least once. All 

combinations of the small groups generated for each severity group were created. For 

each feature and using each combination, the p-value and normality check for each 

small group of the two severity groups were computed, separately; the Lilliefors test 

was used for normality check (Lilliefors, 1967). If the p-value was ≤0.05 and the 

normality check for each severity group was valid, the robustness score of this feature 

was increased by 1 point. This process was repeated 20 times. In the end, each 

feature had an overall robustness score. The features with an overall robustness score 

>0.6 of the maximum robustness score were selected for further analysis.  
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Feature correlation and redundancy 

Using the available individuals’ data of the two severity groups, and using a 

support vector machine classifier, the training accuracy, specificity, and sensitivity 

were computed for each feature in each anthropometric subset of the training 

dataset. All correlation coefficients between any two features were computed. Any 

set of features with in-between correlation coefficient ≥0.9 were removed except the 

feature with the highest training classification accuracy, specificity, and sensitivity. 

The final set of features for each subset was selected by the end of this stage. We also 

checked the effect size of each of the selected features using Glass’s delta equation 

(Glass, Smith, & McGaw, 1981). 

Training and validation 

The selected features for each subset were evaluated using a total training 

data of 113 individuals (62 with AHI <15, and 54 with AHI>15) and a blind testing 

dataset of the 86 individuals (47 with AHI <15, and 39 with AHI >15). 

Outliers’ removal 

Using the training data for each OSA severity group of each subset separately, 

the outliers for each feature were removed, and the upper and lower adjacent values 

of boxplot were recorded (Benjamini, 1988; Tukey, 1977). Using the recorded values, 

the lowest lower adjacent value, and the highest upper adjacent value were recorded. 

Using the blind testing data, any value outside the recorded boundaries was removed.  
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Feature combination creation and selection 

Within each subset, the selected features were combined to create three-

feature and four-feature combinations. Using each combination and the training data, 

a Random-Forest (Breiman, 2001) classifier with 2/3 data in the bag (training) and 1/3 

data out of the bag was used to evaluate the out-of-bag-validation testing accuracy, 

specificity, and sensitivity. We used the built-in function of Matlab (Breiman, 2001). 

The Random-Forest routine included 1200 trees, interaction-curvature as a predictor 

selection, Gini’s diversity index as split-criterion. A cost-matrix was used to 

compensate for the difference in the sample size between the two OSA severity 

groups.  This procedure was repeated three times. Therefore, for each feature 

combination, it resulted in three values for each of the accuracy, sensitivity, and 

specificity. 

All values ≥0.7 were considered for the following stage, and the difference of 

the maximum and minimum of each three values were evaluated. The maximum 

difference for each of the accuracy, sensitivity, and specificity was recorded. For each 

feature combination, the average value of each of accuracy, sensitivity, and specificity 

was recorded. The feature combinations with values between the maximum average 

and the difference between the maximum average and the maximum difference or 

2% were selected to be the best feature combinations. 
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Final combinations and blind testing 

Each subset (separately) 

Using the best feature combinations selected in the previous stage for each 

subset separately, and using Random-Forest classifier with the same mentioned 

properties, the classification accuracies, sensitivities, and specificities of both the out 

of bag-validation and blind testing datasets were evaluated. This process was 

repeated five times; then, the average values were evaluated. 

For each anthropometric subset, the feature combinations with the highest 

validation and blind testing accuracies were selected as the best feature combinations 

for that subset. 

For the overall classification (last stage in the AWakeOSA algorithm) 

The following process was done with and without including anthropometric 

features with the sound features. The overall classification was evaluated using 

feature combinations which each combination was selected among the best for each 

subset. Different combinations were created due to having more than one final best 

feature combination per subset. The combination providing the highest overall 

classification accuracies, sensitivities, and specificities for both of out of bag-validation 

and blind testing datasets, was selected as the best feature combination. 

  The overall classification was conducted as follows:  

• Within each subset, the classification decision for each individual was 

evaluated; we assigned 1 and -1 labels to each class (OSA and non-OSA groups).  



 

153 
 

• Using the outcomes of the subsets out-of-bag-validation, label 1 was multiplied 

by the sensitivity, and label -1 was multiplied by the specificity.  

• After conducting the previous two steps on all subsets, the weighted 

classification decisions of each individual were averaged to result in the final 

classification decision; any value >0 or <0 was classified to OSA or non-OSA 

groups, respectively.  

The misclassified individuals were investigated for any commonality between 

the OSA subjects misclassified to non-OSA, and/or the non-OSA subjects misclassified 

to OSA. The effect of neglecting a subset’s results in the overall classification process 

was investigated. 

Additional analyses 

The correlation coefficient between AHI and anthropometric variables were 

investigated. Classifying the subjects using available variables of the STOP-BANG (i.e., 

Bang: BMI, age, NC, and gender) were conducted, then the classification accuracy, 

sensitivity, and specificity were evaluated.  

The correlation coefficient between AHI and the final selected sound features 

were investigated. Using the final selected feature combination for each subset, the 

correlation coefficients of the feature combination and AHI and its logarithm were 

evaluated. 
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Addendum 

This additional section is to clarify the reasons for preferring the random forest 

classifier to the previously used SVM classifier for this particular application. The 

reasons are: 1) Breathing sound signals are stochastic signals, and the random forest 

has randomness in its nature, and 2) The OSA disorder has many confounding factors 

that affect breathing sounds and make it a heterogenous and complex condition; 

therefore, it is required to have multiple thresholds for each feature to overcome the 

complexity and heterogeneity; that is possible in Random Forest but not in SVM 

method. 
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Chapter VI - Predicting the polysomnography parameters using 

breathing sound and anthropometric features 

Synopsis 

This chapter discusses predicting PSG parameters using combinations of 

anthropometric and tracheal breathing sound features. This manuscript is being prepared 

for publication. The authors are Ahmed Elwali, and Zahra Moussavi. 

Abstract 

Introduction: Obstructive sleep apnea (OSA) is determined by repetitive 

episodes of complete cession or >50% reduction in breathing. While apnea-hypopnea 

index (AHI) is the primary parameter of Polysomnography assessment (PSG – the gold 

standard for sleep apnea assessment) for determining OSA severity, clinically other 

PSG parameters (i.e., total time of sleep (TST), total Arousal index, mean oxygen 

saturation (SpO2%) of TST, etc.) are also important for a full diagnosis of OSA. In this 

study, we investigated whether a combination of breathing sounds and 

anthropometric features (i.e., neck circumference (NC), Body mass index (BMI), etc.) 

could be predictive of PSG parameters.  

Materials and Methods: Anthropometric information was collected from 145 

individuals referred for full PSG study, and their tracheal breathing sounds were 

recorded during wakefulness (daytime) in supine position in two maneuvers of nose 

and mouth breathing. Spectra and bi-spectra of up to 5 breathing cycles were 

evaluated to compute the characteristic sound features used in our acoustic 
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technology (AWakeOSA) and run a correlation and classification analyses with the PSG 

parameters collected from the PSG sleep reports of the study participants. 

Results: Many sound and anthropometric features had significant correlations 

(up to 0.56) with PSG parameters such as NC and total oxygen desaturation (de-SpO2) 

index (0.56), and mean of the power spectrum slope and mean SpO2 (-0.42). Using 

the sound and anthropometric features in combinations with a second-order model 

for each PSG parameter resulted in correlation coefficients up to 0.68. Using these 

features combinations for classification with the Random-Forest classifier resulted in 

an unbiased classification accuracy up to 87% for predicting sleep stage 3 duration, 

mean SpO2, and arousal index. 

Conclusions: These results provide a new promising possibility for predicting 

the PSG parameters using the sound and anthropometric features. Therefore, a 

simple, fast, and inexpensive acoustic method can provide valuable information for 

OSA diagnosis for clinicians without a full over-night PSG study. 
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Introduction 

Obstructive sleep apnea (OSA) is a common disorder characterized by 

repetitive episodes of no breathing, called apnea, and >50% reduction of breathing, 

called Hypopnea. The severity of OSA is determined by the Apnea/Hypopnea index 

(AHI), which represents the number of apnea/hypopnea events per hour of sleep. 

Based on the AHI values, there are commonly four groups: non-OSA [AHI: 0-5], mild 

[AHI: 5-15], moderate [AHI: 15-30], and severe [AHI≥30] (American Academy of Sleep 

Medicine, 2005). 

OSA affects about 10% of the Canadian and American population, and yet, it is 

underdiagnosed (Young, T. et al., 2008). Undiagnosed OSA, in particular, increases the 

perioperative morbidity and mortality risks for OSA patients undergoing surgery 

requiring full anesthesia (Gross et al., 2014). Using questionnaires such as STOP-BANG 

or Epworth sleepiness score is common, but it lacks objectivity, and it provides poor 

specificity (~20) (El-Sayed, 2012; Nagappa et al., 2015). In addition, OSA screening 

using the gold-standard Polysomnography (PSG) is expensive and time-consuming. 

Therefore, there is a need for an objective quick screening tool to aid the diagnosis of 

OSA. 

Our acoustic technology (AWakeOSA) has shown the ability to predict the 

severity of OSA with an accuracy >81% using analysis of breathing sound recorded 

within a few minutes during the day time while awake (Elwali & Moussavi, 2019b). 

AWakeOSA has shown a balanced specificity and sensitivity for OSA severity screening 

with a threshold of AHI =15. 
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While AHI is the primary PSG parameter for determining the OSA severity, 

clinically other PSG parameters (i.e., total time of sleep (TST), total Arousal index, 

mean oxygen saturation (SpO2%) of TST, etc.) are also important for a full diagnosis of 

OSA (Epstein et al., 2009). Knowing these parameters helps in understanding the OSA 

pathology and providing the proper treatment. Finding the relationship between the 

PSG parameters and breathing sounds and anthropometric features (i.e., neck 

circumference (NC), Body mass index (BMI), etc.) would help in developing a 

technology to provide physicians with more information about the nature of the OSA 

disorder within a few minutes without the overnight PSG study. In this study, we 

investigated whether a combination of breathing sounds and anthropometric features 

are predictive of PSG parameters.  
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Methodology 

The data of this study was adopted from our previous study (i.e., 199 subjects) 

(Elwali & Moussavi, 2019b). Only data of subjects with a complete PSG report were 

considered (i.e., 145 subjects). During wakefulness, the recording was performed 

about 1-2 hours prior to conducting the PSG study. After their overnight PSG 

assessment analysis was completed by a sleep technician, we obtained the PSG study 

report of our study participants. Table 21 shows the anthropometric statistics of the 

145 (60 females) study participants. 

The tracheal breathing sounds were recorded during wakefulness (daytime) in 

a supine position. Subjects were instructed to breathe 5 deep breaths through their 

nose, then another 5 cycles through their mouth; for more details on the recording 

protocol and the preprocessing stage, please see (Elwali & Moussavi, 2017). Spectra 

and bi-spectra of the signals were evaluated to compute the characteristic sound 

features used in AWakeOSA algorithm (Elwali & Moussavi, 2019b).  

Table 21 STUDY INDIVIDUALS’ ANTHROPOMETRIC INFORMATION. OSA IS 
OBSTRUCTIVE SLEEP APNEA, NC IS NECK CIRCUMFERENCE AND MPS IS MALLAMPATI 
SCORE. 
 AHI Age Sex BMI NC MpS 

Non-OSA 
(AHI<15, n=80) 

4.0 ± 4.0 49.1 ± 13.0 37 M, 43 F 32.2 ± 7.2 40.0 ± 5.0 
45 ’I’, 20 ‘II’, 11 ‘III’ and 3 
‘IV’ 

OSA (AHI>15, 
n=65) 

42.8 ± 
31.1 

51.1 ± 11.0 48 M, 17 F 36.4 ± 8.4 44.3 ± 3.7 
15 ’I’, 23 ‘II’, 19 ‘III’ and 8 
‘IV’ 

Correlation Analysis and Second-order model 

From the sleep reports, the PSG parameters were extracted. A second-order 

polynomial model of three variables (three-feature combination of sound and 

anthropometric features) was generated for each PSG parameter; see Eq.1 for the 
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polynomial model (X, Y, and Z are three features). The model was created using the 

linear regression function, using MatlabTM2019 (Chatterjee & Hadi, 1986), of each 

three-feature combination. Each model produced a new array of values representing 

the PSG parameter. The correlation coefficient using Spearman (Spearman, 1904) was 

evaluated between the predicted (model) and actual values (extracted from the PSG 

report).  

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑃𝑆𝐺 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 =  𝑎1𝑋2 +  𝑎2𝑌2 +  𝑎3𝑍2 +  𝑎4𝑋𝑌 +  𝑎5𝑋𝑍 +

𝑎6𝑌𝑍 + 𝑎7𝑋 + 𝑎8𝑌 + 𝑎9𝑍 + 𝑎10    (1) 

In order to select the feature combinations (models) with a significant and 

useful (has a linear trend) correlation, the following steps were followed:  

1- For a PSG parameter, the feature-combination models with the maximum 

absolute correlation coefficient were identified; then, all models with above 

the maximum – 5% were selected for further analyses.  

2- Any model with a significant correlation (p≤0.05) and r≥0.2 with the PSG 

parameter was selected. 

3- The predictions of a selected model (for all subjects) were sorted based on 

their corresponding values of the PSG parameter, then divided into three 

(equal number of subjects) consecutive groups with low, medium, and high 

values of the PSG parameter. The average and standard deviation (std) of 

the low and high groups were separately computed based on their model’s 

values. By then, the boundaries of each group are their mean±std. Using 

these boundaries, the overlapping area is evaluated between the low and 
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high groups; then if the overlap exists, the percentage of the subjects in the 

overlapped area with respect to all subjects was computed. After doing that 

using all models, only the models with ≤40% of the subject-overlapping ratio 

were selected for further analyses.  

4- The third step is repeated but by dividing the values into only two 

consecutive groups (i.e., low and high values) based on their corresponding 

values of the PSG parameter. Using the new boundaries, the overlapped 

area is evaluated; if the overlap exists, the percentage of the subjects in the 

overlapped area with respect to all subjects was computed; only the models 

with ≤60% of subject-overlapping ratio were selected for further analyses. 

5- Steps 3 and 4 were repeated but with sorting the prediction values of a 

selected model based on themselves, then dividing them into three groups 

(e.g., low, medium, and high); these groups have the same sizes computed 

in the previous stage. Note that the other evaluations were done based on 

the PSG parameter. 

This procedure was repeated while dividing the data into groups of AHI<15 

and AHI>15 to find out the model with the best correlation coefficient for the three 

groups: all data, AHI<15 and AHI>15.  
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Classification and prediction of PSG parameters  

Each PSG parameter was considered separately to find the best threshold to 

be used in a classification routine to predict that PSG parameter using the 

anthropometric and sound features.  

Threshold selection 

The overall range of a PSG parameter’s values was divided into 10 equal 

divisions between its minimum and maximum values; for example, TST range is 

between 0.5 to 7 hours; therefore, the thresholds are 1.15, 1.8, 2.45 etc. For a given 

threshold for the PSG parameter, the power spectral signals for participants with 

values less than the threshold were grouped, and the same was done for participants 

with values greater than the threshold. The average curve for each of these two 

groups was calculated with its 95% confidence interval; then, the average gap 

between the average curves and their 95% confidence intervals were evaluated; see 

Fig. 20 for more clarification. This process was repeated for each threshold. Then, the 

threshold between the two groups with the biggest gap, balanced number of subjects 

(at least 20 subjects per group) and a physiological meaning (in the literature: i.e. 

(Ohayon et al., 2004) for stage 3 % and REM sleep %, (Boselli, Parrino, Smerieri, & 

Terzano, 1998) for total arousal index, (Majumdar, Eurich, Gamble, Senthilselvan, & 

Marrie, 2011) for SpO2%, and (Chung et al., 2012) for oxygen desaturation (de-SpO2) 

index (ODI)) was selected as the threshold for the PSG parameter to be used for 

classification. Figure 21 shows an example of the values of the gaps for different 
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thresholds for the Mean SpO2% total TST PSG parameter; total means for supine and 

non-supine positions, and thresholds <91.5% or >95% have the number of subjects 

per group less than 20. 

 

Figure 20. The average power spectrum of the signal recorded from mouth 
inspiration. Dotted lines represent the 95% confidence interval. Red and blue color 
curves represent the groups with more and less than a threshold of 91.7% mean 
SpO2% total TST, respectively. 
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Figure 21. The average gap values among different breathing maneuvers for different 
thresholds of the Mean SpO2% Total TST 

Classification analysis 

Using the selected threshold and the accepted three-feature combinations 

(the developed models), a classification process was performed using a Random-

Forest (RF) classifier (Breiman, 2001) with 1200 iterations and 65% of the data for 

training and 35% of the data for validation. The input for the classifier was a predicted 

value using the evaluated 2nd order model; thus, it was a one-feature RF classifier. This 

classification was run for all data and each of the two OSA severity groups, AHI<15 

and AHI>15, separately. The feature combination that provided the highest validation 

accuracies (≥60%) and correlation coefficients among the three groups (all data, 

AHI<15 and AHI>15) were selected as the best predictive combination for the PSG 

parameter.  
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Results 

The basic statistics of the study participants are shown in Table 21. Table 22 

shows the selected anthropometric (F1-F6) and sound features (F7-F30) for the 

analyses.  

Table 22 DESCRIPTIONS AND DETAILS OF THE SELECTED FEATURES. LEGEND: INS/EXP: 
INSPIRATION/EXPIRATION, M/N: MOUTH/NOSE, MEAN: ARITHMETIC MEAN, P(F): THE 
POWER SPECTRUM, B(F, F): THE BISPECTRUM, F: FREQUENCY, FL: FEATURE LABEL, 
AND BM: BREATHING MANEUVER. 

FL BM Feature’s definition 

F1 ----- Body mass index (BMI) 

F2 ----- Age 

F3 ----- Height 

F4 ----- Weight 

F5 ----- Neck circumference (NC) 

F6 ----- Mallampati score (MpS) 

F7 InsM  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=130
𝑓2=230

 

F8 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=1010
𝑓2=1250

 

F9 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=355
𝑓2=510

/  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑃(𝑓)𝑓1=820
𝑓2=1070

 

F10 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑙𝑜𝑝𝑒 𝑜𝑓 𝑃(𝑓)𝑓1=250
𝑓2=355

 

F11 InsM  𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 𝑜𝑓 𝑃(𝑓)𝑓1=90
𝑓2=550

 

F12 InsM  𝑓1=75
𝑓2=1800

 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑡ℎ𝑒 𝑓𝑖𝑟𝑠𝑡 𝑝𝑒𝑎𝑘 𝑜𝑓 𝑃(𝑓) 

F13 ExpM  𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝑃(𝑓)𝑓1=200
𝑓2=600

 

F14 ExpN  𝐵𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑐𝑒𝑛𝑡𝑟𝑜𝑖𝑑 𝑜𝑓 𝑃(𝑓)𝑓1=300
𝑓2=600

 

F15 InsM Higuchi fractal dimension (HFD) 

F16 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=280

 

F17 InsN  𝑀𝑒𝑎𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=250
𝑓2=355

 

F18 InsN  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=115
𝑓2=275

 

F19 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=130
𝑓2=230

 

F20 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=1090
𝑓2=1460

 

F21 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=1200
𝑓2=1515

 

F22 InsM  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=1260
𝑓2=1460

 

F23 InsM  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 0.5𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=60
𝑓2=600

 

F24 InsN  𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑓 − 2𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=395
𝑓2=520

 

F25 InsN  𝑆𝑒𝑐𝑜𝑛𝑑 𝑜𝑟𝑑𝑒𝑟 𝑚𝑜𝑚𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 0.5𝑓 − 𝑓 𝑙𝑖𝑛𝑒 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=820
𝑓2=1070

 

F26 ExpN  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=100
𝑓2=600

 

F27 InsN  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=250
𝑓2=355

 

F28 ExpM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=270
𝑓2=390

 

F29 InsN  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑑𝑖𝑎𝑔𝑜𝑛𝑎𝑙 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=355
𝑓2=510
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F30 InsM  𝑊𝑒𝑖𝑔ℎ𝑡 𝑐𝑒𝑛𝑡𝑒𝑟 𝑜𝑓 𝐵(𝑓, 𝑓)𝑓1=390
𝑓2=510

 𝑜𝑛 0.5𝑓 − 𝑓 𝑙𝑖𝑛𝑒 

 

Table 23 shows the most significant and useful correlation coefficients (a 

maximum of 0.56) between the PSG parameters and anthropometric/sound features.  

Figure 22 shows the scatter plots of four PSG parameters with their correlated 

features. 

Table 23 THE CORRELATION COEFFICIENTS BETWEEN THE ANTHROPOMETRIC/SOUND 
FEATURE AND THE PSG PARAMETERS. LEGEND: F#: FEATURE LABEL, BMI: BODY MASS 
INDEX, NC: NECK CIRCUMFERENCE, AND REM: RAPID EYE MOVEMENT. 

PSG Parameter Anthropometric/Sound 
Feature 

Correlation 
Coefficient 

Total sleep time (TST) F12 -0.36 

Sleep efficiency F2 (Age) -0.36 

Stage 3 duration % F2 (Age) -0.35 

REM sleep duration % F1 (BMI) -0.33 

Total Arousal Index F5 (NC) 0.41 

Supine Arousal Index F5 (NC) 0.46 

Non-Supine Arousal Index F12 0.38 

Total Arousal + Awakenings Index F12 0.37 

Hypopnea Index F5 (NC) 0.54 

Hypopnea REM Index F27 0.36 

Hypopnea NREM Index F5 (NC) 0.53 

Supine Hypopnea Index F5 (NC) 0.51 

Right Side Hypopnea Index F23 -0.46 

SpO2 Index Total F5 (NC) 0.56 

Mean SpO2 TST % F10/ F1 (BMI) -0.42/-0.40 

Mean SpO2 Supine  % F14 0.33 

Mean SpO2 non-supine % F10/F1 (BMI) -0.471/-0.47 
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Figure 22. The scatter plots between four PSG parameters and the anthropometric 
and sound features with the highest correlation coefficients with them. F#: feature 
label. 

Table 24 shows the PSG parameters with significant correlations with the 

outcomes of the 2nd-degree equations of the mentioned three feature-combinations 

(anthropometric and sound). It also shows the correlations between the PSG 

parameter and each feature in the feature-combination. The main correlations are 

shown while using the entire dataset and the two groups of AHI<15 and AHI>15 

separately. Figure 23 shows the scatter plots of the four previously mentioned PSG 

parameters with their highly correlated 2nd order equation models. These plots show 

the enhancement in correlation coefficients and linear relationships compared to 

Figure 22. 
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Table 24 THE CORRELATION COEFFICIENTS BETWEEN THE PSG PARAMETERS AND THE 
OUTCOMES OF THE 2ND ORDER MODEL FOR THE ENTIRE DATASET AND THE TWO 
SEVERITY GROUPS SEPARATELY. LEGEND: F#: FEATURE LABEL, CCF1: CORRELATION 
COEFFICIENT BETWEEN FEATURE LABEL # AND THE PSG PARAMETER, CC2: 
COEFFICIENT CORRELATION WITH THE OUTCOMES OF THE 2ND ORDER MODEL, TOTAL: 
ALL DATA, <15: GROUP OF AHI<15, AND >15: GROUP OF AHI>15. 
PSG Parameter Feature Combination CCF1 CCF2 CCF3 CC2_Total CC2_<15 CC2_>15 

Total sleep time F2 F5 F6 -0.27 -0.35 -0.24 0.52 0.49 0.40 

Sleep Efficiency % F2 F3 F7 -0.36 0.04 -0.23 0.50 0.46 0.59 

Stage 3 Duration % F2 F21 F29 -0.35 -0.25 -0.18 0.54 0.65 0.26 

REM Duration % F1 F3 F21 -0.33 0.11 -0.02 0.46 0.50 0.56 

Total Arousal Index F5 F12 F9 0.41 0.37 -0.17 0.53 0.39 0.51 

NREM Total Arousal 
Index 

F5 F6 F17 
0.4 0.21 -0.36 

0.51 0.31 0.49 

REM Arousal Index F5 F11 F26 0.41 0.28 0.25 0.55 0.29 0.71 

Supine Arousal Index F5 F12 F30 0.46 0.39 0.19 0.58 0.42 0.46 

Non-Supine Arousal 
Index 

F4 F29 F20 
0.36 0.29 0.33 

0.54 0.49 0.38 

Total 
Arousal+Awakenings 
Index 

F5 F6 F15 
0.37 0.21 0.32 

0.49 0.35 0.43 

Supine Sleep % F12 F25 F24 -0.25 0.03 0.00 0.44 0.53 0.32 

Hypopnea Total Index F3 F5 F13 0.13 0.54 -0.4 0.63 0.48 0.36 

Supine Hypopnea Index F4 F5 F10 0.35 0.51 0.35 0.64 0.56 0.38 

Total AHI (With Central) F5 F6 F22 0.56 0.33 0.36 0.66 0.49 0.48 

Total AHI (Without 
Central) 

F5 F6 F18 
0.54 0.33 -0.4 

0.66 0.48 0.44 

SpO2 Index Total F5 F6 F19 0.56 0.35 -0.43 0.68 0.55 0.48 

SpO2 Index NREM F5 F6 F12 0.55 0.30 0.45 0.66 0.54 0.42 

SpO2 Index REM F27 F8 F28 0.46 0.13 0.32 0.61 0.51 0.66 

Mean SpO2% Total TST F1 F10 F16 -0.4 -0.39 -0.42 0.58 0.48 0.64 

Mean SpO2% Supine F5 F17 F16 -0.26 0.33 0.17 0.51 0.47 0.44 

Mean SpO2% Non-
Supine 

F1 F10 F16 
-0.47 -0.42 0.26 

0.61 0.50 0.66 

REM Latency_Less 
wake/TST 

F1 F2 F3 
0.27 0.13 -0.15 

0.54 0.39 0.72 
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Figure 23. The scatter plots between four PSG parameters and the outcomes of the 
2nd order model using three feature combinations. F#: feature label. 

Figure 24 shows the inspiratory power spectra during mouth breathing of the 

previously mentioned four PSG parameters (i.e., TST, stage 3 duration, supine arousal 

index, and mean SpO2% TST). Each PSG parameter is represented using two curves 

(i.e., blue and red) with their 95% confidence intervals (dotted lines); Blue curve 

represents the average curves of subjects with the PSG parameters less than the 

selected threshold, while the red curve represents the average curves of subjects with 

the PSG parameters more than the selected threshold.  



 

177 
 

 

Figure 24. The average power spectrum of the signal recorded from mouth 
inspiration. Dotted lines represent the 95% confidence interval. Red and blue color 
curves represent the groups with more and less than the threshold, respectively. 

Table 25 shows the selected thresholds for each PSG parameter. It also shows 

the best three-feature combination for each PSG parameter. Furthermore, the 

validation classification accuracies using the outcomes of the 2nd-degree equations of 

the mentioned three feature-combinations (anthropometric and sound) are shown 

for each severity group, separately. The RF classifier has resulted in a validation 

classification accuracy up to 86.7% for classifying the whole dataset to predict the 

mean SpO2% recorded on the non-supine positions around the threshold of 92%.  
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Table 25 THE VALIDATION ACCURACY FOR CLASSIFYING DATA AROUND THE SELECTED 
THRESHOLD USING THE OUTCOMES OF THE 2ND ORDER MODELS FOR EACH OF THE 
THREE SEVERITY GROUPS SEPARATELY. LEGEND: F#: FEATURE LABEL, ACC2: 
VALIDATION CLASSIFICATION ACCURACY USING THE OUTCOMES OF THE 2ND ORDER 
MODELS, TOTAL: ALL DATA, <15: GROUP OF AHI<15, AND >15: GROUP OF AHI>15. 
PSG Parameters Threshold Feature Combination ACC2_Total ACC2_<15 ACC2_>15 

Total sleep time 3.5 F2 F5 F6 73.8% 77.9% 76.6% 

Sleep Efficiency % 65 F2 F3 F7 63.2% 73.7% 61.4% 

Stage 3 Duration % 10 F2 F21 F29 77.9% 78.8% 75.4% 

REM Duration % 12 F1 F3 F21 69.9% 68.4% 71.9% 

Total Arousal Index 15 F5 F12 F9 69.7% 66.7% 87.5% 

NREM Total Arousal Index 16 F5 F6 F17 60.0% 64.0% 89.0% 

REM Arousal Index 18 F5 F11 F26 63.8% 76.8% 83.0% 

Supine Arousal Index 30 F5 F12 F30 78.0% 72.4% 78.6% 

Non-Supine Arousal Index 20 F4 F29 F20 62.6% 74.7% 75.0% 

Total Arousal+Awakenings Index 30 F5 F6 F15 63.8% 84.4% 62.5% 

Supine Sleep % 15 F12 F25 F24 69.7% 78.8% 61.5% 

Hypopnea Total Index 7 F3 F5 F13 70.0% 77.0% 96.4% 

Supine Hypopnea Index 13 F4 F5 F10 76.0% 76.0% 90.0% 

Total AHI (With Centeral) 10 F5 F6 F22 70.0% 88.0% 98.0% 

Total AHI (WithOut Centeral) 10 F5 F6 F18 72.0% 92.0% 98.0% 

SpO2 Index Total 10 F5 F6 F19 71.0% 78.0% 97.0% 

SpO2 Index NREM 10 F5 F6 F12 67.0% 81.0% 88.0% 

SpO2 Index REM 20 F27 F8 F28 66.0% 70.0% 83.0% 

Mean SpO2% Total TST 92 F1 F10 F16 79.0% 95.0% 72.0% 

Mean SpO2% Supine 92 F5 F17 F16 72.7% 78.9% 58.9% 

Mean SpO2% Non-Supine 92 F1 F10 F16 86.7% 92.4% 70.3% 

REM Latency_Less wake/TST 0.6 F1 F2 F3 75.2% 86.4% 86.0% 
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Discussion 

Screening OSA based on only the AHI lacks many attributes of the OSA 

disorder (Otero, Félix, Presedo, & Zamarrón, 2012). However, obtaining other 

important attributes requires executing a full PSG assessment, which is expensive, 

time-consuming, and laborious as it requires overnight study for recording and 

analyzing the data. In addition, a patient has to wait for a long time (~ 1 year) to have 

a full PSG assessment. This work shows that using breathing sounds and 

anthropometric information, it is possible to obtain AHI and other similar information 

as those found by a PSG assessment using an inexpensive and quick screening tool; 

thus, the proposed methodology can screen OSA during wakefulness state in only a 

few minutes. 

Anthropometric parameters such as BMI, NC, age, etc. have shown their ability 

to screen for OSA; however, they provide low specificity. Nevertheless, as shown in 

this study, they have significant correlations with the attributes describing the OSA 

disorder evaluated by a PSG assessment. Sleep efficiency (TST/total time on bed) and 

Stage 3 duration (representing deep sleeping) have been shown to be decreasing with 

age (Ohayon, Carskadon, Guilleminault, & Vitiello, 2004). Besides, average SpO2% (in 

non-supine positions) and REM sleep duration have been shown to be decreasing with 

obesity (increasing BMI) (Petrofsky, Laymon, Khowailed, Fisher, & Mills, 2015). Our 

data shown in Table 23 are congruent with the above observations. In addition, our 

results have shown that many event indices per hour during sleep, such as total 

arousal index, Hypopnea index, total de-SaO2 index, etc. are positively correlated with 
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NC. Therefore, the outcomes confirm the relationships between OSA risk factors and 

the pathophysiology of the disorder.  

In our previous work, tracheal breathing sounds features showed high 

correlation with AHI and provided a reliable classification tool with a testing unbiased 

accuracy of 81.5% (AHI threshold = 15) ( Elwali & Moussavi, 2019b; Elwali & Moussavi, 

2019a; Elwali, Meza-Vargas, & Moussavi, 2019). As shown in Table 22, most of the 

selected sound features were extracted from the inspiratory breathing, which 

involves the active muscles in the upper airway (UA) that can represent the 

pathophysiology of the UA; that is congruent with our previous finding (Elwali & 

Moussavi, 2017). Moreover, the sound features show significant correlations with 

some of the PSG parameters (Table 23). Feature 12 (F12), which is the frequency of 

the first peak of the inspiratory spectrum of mouth breathing, has shown a high 

positive correlation with total arousal index, especially during sleeping on non-supine 

positions; it has also shown a negative correlation with the total sleep time. This 

suggests for the subjects who sleep less, the frequency of the first peak of their 

breathing spectrum is higher than the ones who sleep more. The higher frequency 

represents stiffness, and that implies a narrower or more collapsible upper airway 

(Elwali & Moussavi, 2017). This is congruent with the fact that OSA subjects are 

characterized with less total sleep (TST) and more arousal index, and that OSA 

subjects have higher high-frequency components in the frequency spectrum (Elwali & 

Moussavi, 2017). The feature F10, the slope of the power spectrum (250-355 Hz), was 

found to be high in subjects with low average SpO2% during sleep. That indicates high 
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power at low frequencies in subjects with high SpO2%; that is also congruent with our 

previous finding (Elwali & Moussavi, 2017) as subjects with AHI<15 have high power in 

the low-frequency components. In addition, feature F14 also shows a flatter power 

spectrum around 450 Hz for subjects with high SpO2% recorded in supine position. 

In this study, we aimed to create a model to represent a PSG parameter that 

involves anthropometric and sound features with interactions with themselves and 

one another. Using feature combinations of the shown in Table 22 with the second-

order equations have resulted in better correlations with the PSG parameters than 

using only one-feature combination; see Figure 23 and Table 24. From Tables 24 and 

25, it can be seen that the linear relationships and classification accuracies between 

the PSG parameters and the feature combinations are not dependant on the AHI 

severity. Consequently, the resultant feature-combinations are a true representation 

of the mentioned PSG parameters, and the outcomes of the models can be used for 

PSG-parameters’ prediction.  

In order to predict PSG parameters, we divided each PSG parameter into two 

groups based on a certain threshold. This threshold was used in a classification 

process to predict the PSG parameter category. The thresholds were investigated 

while considering the literature for the critical values within most of the PSG 

parameters. Using these thresholds, we divided the PSG parameters into two groups 

(low and high) that have shown distinguished power spectrums in specific frequency 

bandwidths; see Figure 24 for the gaps between the two categories for each of the 

four PSG parameters. For example, normal adults sleep on average 5% during stage 1, 
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50% during stage 2, 20% during stage 3, and 20-25% during REM.  We used thresholds 

of 10% for stage 3 and 12% for REM sleep to show abnormal percentages (Ohayon et 

al., 2004). Also, the threshold of the total arousal index depends on age, as it is 10 for 

young, 15-20 for middle-aged, and 25 for elders (Boselli, Parrino, Smerieri, & Terzano, 

1998); we used different values for the thresholds, but most of them were between 

10-25. Furthermore, it is mentioned that normal SpO2% is between 93-98% 

(Majumdar, Eurich, Gamble, Senthilselvan, & Marrie, 2011), and we used 92% as a 

threshold for an abnormal percentage. Moreover, the ODI is highly correlated with 

AHI (Chung et al., 2012); thus, we used 10 and 20 as thresholds for ODI. 

Based on the selected thresholds and using the selected feature combinations, 

we were able to reach up to 87% validation classification accuracy (VCA), mean 

SpO2% on the non-supine position, using the whole dataset, and 97% using the high 

OSA group (AHI>15). From Table 25, it has been shown that using the whole dataset, 

we can predict up to seven PSG parameters with 60%<VCA<70%, 14 PSG parameters 

with 70%≤VCA<80%, and one PSG parameter with VCA~=87%. Also, it has been shown 

that using the low OSA group (AHI<15), we can predict up to three PSG parameters 

with 64%<VCA<70%, 12 PSG parameters with 70%≤VCA<80%, and seven PSG 

parameters with VCA>80%. Furthermore, it has been shown that using the high OSA 

group (AHI>15), we can predict up to four PSG parameters with 59%<VCA<70%, seven 

PSG parameters with 70%≤VCA<80%, and 11 PSG parameters with VCA>80%. These 

results show the ability to predict the PSG parameters with high confidence using 

combinations of anthropometric and breathing sound features.   
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Conclusion 

Knowing the PSG parameters, along with the AHI, is crucial to understand the 

pathophysiology of the OSA disorder. Evaluating the parameters using simple means 

during wakefulness in a short time is an essential step towards an expeditious 

treatment; moreover, it will significantly help the anesthesiologists who need to know 

the OSA status of their patients prior to a surgery. This study is the first to investigate 

the prediction of the PSG parameters during wakefulness in a few minutes of 

breathing sound recording. The promising results of this study for predicting the PSG 

parameters with meaningful features pave the way for reducing the waiting line and 

provide sleep clinics with a quick and reliable OSA screening tool. 
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Chapter IX – Conclusions 

Summary of Findings 

The knowledge of obstructive sleep apnea (OSA) existence is required prior to 

conducting surgeries requiring full-anesthesia. However, conducting the 

polysomnography (PSG) assessment, the gold standard for OSA diagnosis, 

immediately prior to the surgery is almost impossible because PSG recording and 

analysis are very time- and resources-consuming.  Questionnaires have been the 

quickest screening tools for years but at the expense of very poor specificity and 

objectivity. Thus, diagnosing OSA by a few minutes' assessment during wakefulness 

(daytime when the subjects are fully awake) has been a challenge for decades. But 

this is not a problem anymore as objectively screening for OSA during wakefulness in 

a few minutes with reliable accuracy is now possible.  Throughout the studies in this 

thesis, tracheal breathing sounds analyses of subjects with various severity of OSA 

recorded during wakefulness have shown their ability to show the changes of the 

upper airway due to OSA with reasonable accuracy so that a reliable diagnosis based 

on the likelihood of OSA can be made.  

In this work, we started by recording the tracheal breathing sounds using a 

microphone. After preprocessing, including denoising and respiratory phases 

(inspiration/expiration) separation, we extracted features that could potentially 

differentiate OSA subjects with different severity levels. Following that, we trained a 
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classification algorithm using the selected features to blindly predict the likelihood 

severity of the OSA disorder.  

One of the key features to have a successful outcome in our proposed 

technologies is the proposed pre-signal-processing steps that guarantee the superior 

performance of the proposed classification part of the technologies. Through the 

analyses, we have found the breathing frequency spectrum provides better features 

within four main frequency ranges (i.e., 100-350 Hz, 350-600 Hz, 1100-1500 Hz, and 

2000-2500 Hz), and most of the important sound features are also selected from the 

inspiratory breathing, which involves the active muscles. In addition, the findings have 

shown higher complexity or non-linearity embedded in the breathing sounds 

constructed in the UA of OSA patients than those in non-OSA individuals. The results 

of using these diagnostic features have also shown that OSA subjects exhibit lower 

power at low frequencies and more power at high frequencies compared to non-OSA 

subjects. This finding is congruent with the fact that OSA individuals, compared to 

non-OSA individuals in general, have a narrower upper airway that facilitates more 

power absorption at low frequencies, and a stiffer upper airway that facilitates less 

energy absorption at high frequencies. The physiological reasons and interpretations 

have been discussed in previous chapters. 

In this thesis, after developing the first sound analysis algorithm with a 

successful outcome for OSA prediction, we continued the research by testing the 

anthropometric information as the only feature set for our developed classification 

algorithm; it resulted in a lower (-10%) performance than those when using only 
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breathing sounds features. Then, we combined anthropometric and sounds features, 

and found that the classification results were improved only by 1% higher than those 

using only sound features. This outcome indicates that most important diagnostic 

features lie in breathing sounds.  

At this stage, we aimed to increase the classification accuracy using the same 

resources of breathing sounds and anthropometric information. As it is known, 

anthropometric parameters (i.e. BMI, height, age, etc.) do affect breathing sounds 

independent of the OSA severity. Thus, we investigated the effect of each 

anthropometric parameter on the sound features and removed/utilized those effects, 

if any. The results showed an average significant correlation coefficient between the 

anthropometric parameters and AHISupine of 0.252, and 0.469 on average for sound 

features and AHISupine. Therefore, we tried to find the best features with high 

sensitivity to OSA severity and least sensitivity to the anthropometric parameters 

(confounding variables) for a more reliable OSA screening tool. 

Based on recommendations of sleep physicians and several sleep studies, we 

tested the accuracy of our classifications with an AHI threshold of 15; if someone has 

AHI>15, physicians commonly consider the person in need of treatment. Using 

AHISupine recorded with a threshold of 15, we tried two different procedures (i.e., the 

least and most sensitive anthropometric parameters on sound features and AHI). The 

best achieved unbiased test accuracy for using sounds features with the least 

sensitivity to confounding variables was found to be 72.1%. This procedure offers low 

computational cost and requirements. On the other hand, using features (with most 
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sensitivity to confounding variables) extracted from a subgroup of the anthropometric 

parameters, the best test accuracy was 83.6%. This procedure requires a high 

computational cost as it involves 4-5 different classifiers to make a decision.  

Up to this stage, the developed algorithms did not deal with an entirely blind 

dataset. Therefore, we developed the AWakeOSA algorithm to deal with that; it dealt 

with a bigger dataset (200 subjects, 40% blind testing). AWakeOSA algorithm extracts 

an optimized set (3-4) of breathing sound features within a subgroup of individuals 

with a similar anthropometric parameter (i.e. age, sex, etc.). These subgroup 

classification features are then used to determine OSA severity (with AHI threshold = 

15) in any test subject within each subgroup. The classification outcomes of the 

subgroups are then averaged for final decision making. This routine resulted in 81.4, 

80.9, and 82.1% classification accuracy, sensitivity, and specificity, respectively, on the 

blind-test dataset. Furthermore, based on the final overall blind testing classification 

decisions, classifying a subject with an overall classification decision >0.7 or <-0.7 has 

about 90% confidence of being in the correct class.  

After developing the AwakeOSA, and for the sake of extracting more valuable 

information about the OSA disorder using the tracheal breathing sounds, we 

investigated whether the tracheal breathing sound features can predict the OSA 

parameters representing OSA severity that are mentioned in a full PSG report. The 

results have shown that many sound and anthropometric features have significant 

correlations (up to 0.56) with PSG parameters.  Using the sound and anthropometric 

features in combinations with a second-order model for each PSG parameter resulted 
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in correlation coefficients up to 0.68. Using these features combinations for 

classification with the Random-Forest classifier resulted in an unbiased classification 

accuracy up to 86.7% for predicting sleep stage 3 duration, mean SpO2, arousal index, 

etc. The findings provide a new promising possibility for predicting the PSG 

parameters using the sound and anthropometric features. Therefore, using a simple, 

fast, and inexpensive means, valuable information for OSA diagnosis can be provided 

for clinicians without a full over-night PSG study. 
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Recommendations for Future work 

In this regard, I would give my recommendations under the two following 

sections: 

Using the current collected and recorded data: 

It has been shown that the frequency spectrum can be divided into four 

different bands, and each extracted sound feature was from a specific band. In this 

study, more than 100 subject’s data were discarded due to being noisy, having 

artifacts, and not being complete. Therefore, it is recommended to revise all the 

discarded data (>100 subjects) for extracting specific features from the clean parts in 

the frequency spectrums. By that, we can restore many of the discarded subjects and 

increase the dataset. 

It would be beneficial if we can compare each anthropometric subset and its 

corresponding to find the actual effect of the anthropometric feature on the sound 

features then utilize that to enhance the OSA severity classification.  

The following is also recommended:  

• To automate the breathing phase detection and the preprocessing stage to 

speed up the analysis process.  

• To use the threshold AHI = 30, and to identify the severity of OSA among 

moderate (15<AHI<30) and severe apneic (AHI>30) individuals. 

• To find justifications for the misclassified subjects by investigating the PSG 

parameters, not the AHI or the anthropometric parameters.  
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• To divide the data based on the anthropometric information, then extract 

and select the feature combinations for predicting the PSG parameters for 

each anthropometric subset. 

• To investigate predicting each PSG parameter using different 

anthropometric factor subgroup of subjects, then vote between the 

different predictions to find the best PSG parameter prediction. By doing 

that, we expect to have higher accuracy for estimating the predicted PSG 

parameters, as well as being able to predict new PSG parameters that were 

not mentioned in this work. 

• To use the available PSG parameters as a piece of prior knowledge for the 

AWakeOSA algorithm to enhance its performance, and To use the predicted 

PSG parameters as weighting factors for each subject in the AWakeOSA 

algorithm to also enhance its performance. 

Using new equipment and recordings: 

In this study, we did not have any healthy recorded subjects despite having an 

AHI = 0, as all subjects were referred to the sleep study. Therefore, it is recommended 

to record at least 20 healthy subjects from the community with no sleep problems to 

check whether there is a difference between them and subjects with AHI<5. 

The following is also recommended:  

• To record more OSA subjects that are females, with NC <40, with MpS >2, 

and with BMI <30 to include all risk factors in the classification process.  
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• To have a reasonably large balanced number of participants for each of the 

two OSA groups for each anthropometric subset to build a balanced and 

reliable classifier. 

• To have all the risk factors that are currently used in STOP-BANG and other 

questionnaires, and use them for creating more subsets for better 

AWakeOSA performance.  

• To have control over the recording room to decrease the environmental 

noise during the tracheal breathing sound recording to reduce the number 

of discarded data.  

• To use battery-based high-quality recording devices to reduce the power 

line noise.  

• To record with a wider frequency bandwidth (e.g., 10 – 20,000 Hz) recorder 

and band-pass filter to record more data that are beneficial.  

• To record with an accelerometer along with the microphone to have a wider 

bandwidth, especially < 20 Hz. 

• To record the actual durations of each apnea and hypopnea event, as well 

as the duration and amount of oxygen saturation decrease in each oxygen 

desaturation event. This information would provide more details about the 

severity of the OSA disorder that can be used in the classification process. 

• To collaborate with another team that has access to imaging machines, so 

that we can provide an insight into the pathology of the OSA disorder using 

the breathing-sound analysis to confirm our interpretations. 
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• To use Rhinometer and Rhinomanometer to find a relationship between the 

sound features and the resistance and cross-sectional area of the upper 

airway. 

In this study, we only considered the anthropometric confounding variables as 

we did not have information about the plausible existing OSA comorbidities for our 

study subjects. It is plausible that adding subgroups based on comorbidities, such as 

systemic hypertension, type 2 diabetes, atrial fibrillation, heart failure, etc., would 

increase the accuracy of our AWakeOSA algorithm. 

 


