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Abstract

Comparative analysis of polysomnographic signals for classifying
Obstructive Sleep Apnoea

Aoife Roebuck Doctor of Philosophy (D.Phil)
Kellogg College University of Oxford
Department of Engineering Science Michaelmas Term, 2013

Obstructive sleep apnoea (OSA) is a common disorder involving repeated cessa-
tions of breathing due to airway collapse, causing disruption of sleep cycles. The
condition is under-diagnosed and the side effects are many and varied. Currently,
the ‘gold standard’ diagnostic tool for OSA is a polysomnogram (PSG) which is
carried out overnight in a hospital using multiple sensors. A PSG is expensive to
set-up, run and analyse, and some subjects experience different sleep patterns due
to the artificial conditions of the sleep laboratory.

The aim of this thesis was to find a parsimonious and easy-to-collect set of sig-
nals (from the superset of signals recorded in sleep clinics) and other related in-
formation (such as demographics), and a set of automated methods that reliably
determine which subjects are suitable for standard treatments, i.e. classify sub-
jects requiring treatment (moderate OSA, severe OSA) from those not requiring
treatment (normal, snorer, mild OSA), using a smartphone. Data were collected
from 1354 subjects in the home using the Grey Flash polysomnographic record-
ing device (Stowood Scientific Instruments, Oxford, UK). Analysis of the audio
signal was initially performed using standard speech processing methods, where
individual events were annotated and classified. The results achieved (accuracy
(Ac) = 69.6%) using this approach were lower than those required for clinical
acceptance. In all subsequent work in the thesis, subjects were classified from
entire recordings rather than events. Multiscale entropy (MSE) was used to iden-
tify non-linear correlations in the audio data and quantify the irregularity of the
data over many time scales. The inter-snore interval (ISI) was developed, moti-
vated by clinical intuition. MSE and ISI were then applied to both actigraphy and
photoplethysomgraphy (PPG) data, and different combinations of features were
analysed. The features which displayed the highest predictive accuracy were de-
rived from the PPG signal (Ac = 89.2%). This work demonstrated that, although
audio- and actigraphy-based OSA screening is possible, to achieve clinically ac-
ceptable performance PPG remains an important key factor in diagnosis.
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Chapter 1

Introduction and Background

The International Classification of Sleep Disorders (ICSD) has identified over 80 different

sleep disorders, all of which have associated treatments [1]. It is thought that the effects of

sleep disorders are extensive, impacting sufferers physically, psychologically and financially

[2]. There are numerous health effects of sleep disorders, from the apparently simple daytime

sleepiness to an increased risk of cardiovascular disease and stroke [3]. It should be noted that

daytime sleepiness is the cause of hundreds of road traffic accidents, and has even been linked

to disasters such as Chernobyl [2].

This chapter contains an overview of the purposes of this thesis, a brief description of the

physiology of sleep, along with the current classification of sleep disorders by the ICSD. Sleep

apnoea is discussed in detail in terms of physiology, diagnosis and treatment.

1.1 Overview

The aim of this thesis was to design a smartphone application (app), using the available sensors

and appropriate software algorithms, for the home screening of individuals thought to be at

risk of OSA. This was done by using data collected in the homes of subjects referred to a sleep

clinic. The signals analysed included those that could be easily recorded by a smartphone,

namely audio and actigraphy, with the addition of pulse oximetry, which can be recorded by

a smartphone using a Bluetooth pulse oximeter. Although the data were not recorded by a

smartphone, the recordings occurred in the subjects’ homes, which is the same environment

that a smartphone would record the data.
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1.2 Sleep Physiology

Loomis [4, 5] provided the earliest detailed description of various stages of sleep, based on

electroencephalography (EEG), in the mid-1930s. In 1953 Aserinsky & Kleitman [6] iden-

tified rapid eye movement (REM) sleep, which is related to dreaming. Sleep is traditionally

divided into two broad types: non rapid eye movement (NREM) and REM sleep. The sleep

staging criteria were standardised in 1968 by Rechtschaffen & Kales (or R&K rules) [7],

based on EEG changes, dividing NREM sleep into four further stages (stage I, stage II, stage

III, stage IV). (It should be noted that some dreaming has been observed during NREM sleep.)

The staging was updated in 2004 by the American Academy of Sleep Medicine (AASM) with

the most significant change being the combining of stages III and IV into stage N3.

NREM and REM sleep occur in alternating cycles, each lasting approximately 90-110

minutes (min) in adults, with approximately 4-6 cycles during the course of a normal 6-8 hour

(h) sleep period. However, these timings change depending on the length of time asleep, age,

medication, physical health and mental health. Furthermore, brief micro-arousals can occur,

lasting (by definition) from 1.5-3 seconds (s) and short awakenings (defined to be longer than

15s) [8].

There are many changes that occur in physiology during sleep, which can be different in

REM and NREM sleep. Colten et al. [9] compiled data and found that during NREM sleep,

brain activity decreases from wakefulness while during REM sleep there is an increase in the

motor and sensory areas. Heart rate slows during NREM but increases and varies in REM.

Blood pressure and sympathetic nerve activity both decrease in NREM sleep and increase in

REM. Autonomic nervous system1 activity primarily determines changes in blood pressure

and heart rate. There is also an increased risk of myocardial infarction in the morning due to

sharp increases in heart rate and blood pressure that accompany awakening. Muscle tone is

similar to that in wakefulness during NREM and is absent in REM. Respiration decreases from

that in wakefulness in NREM but increases and varies in REM and may show brief stoppages

with coughing suppressed. Airway resistance increases in both REM and NREM but varies

only in REM. Ventilation and respiratory flow become increasingly faster and more erratic,

particularly during REM sleep. Hypoventilation has been indicated in both REM and NREM

1A control system that acts largely unconsciously and regulates the function of internal organs
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sleep caused, it is currently believed, by reduced pharyngeal muscle tone. During REM sleep

rib cage movements are reduced and upper airway resistance increases due to the loss of tone

in the intercostal and upper airway muscles. Generally, ventilation and respiratory flow show

less effective adaptive responses during sleep. During NREM, body temperature is regulated

at a lower set point than in wakefulness while it is not regulated at all in REM sleep.

Respiration during sleep is different to respiration while awake. There is a reduction in

ventilation, particularly during REM sleep, accompanied by a reduction in mean inspiratory

flow rate in REM sleep. Snoring is an obvious respiratory disorder that occurs during sleep. It

is a common ailment, affecting approximately 20-40% of the general population. It is caused

by the vibration of anatomical structures in the pharyngeal airway. During sleep, the upper

airway (UA) dilator muscles become relaxed causing the airway to narrow, thereby increas-

ing resistance. Airflow becomes turbulent and the pharyngeal tissues vibrate as the air passes

through. The snoring sound is subject to many influences: the route of breathing, the predom-

inant sites of UA narrowing, sleep stage, body position, naturally occurring versus induced

sleep, the presence of sleep-disordered breathing (SDB) [10]. It is now known that snoring

is an audible sign of increased UA resistance and is a clinical hallmark of obstructive sleep

apnoea (OSA) [1]. Pevernagie et al. [10] postulate that acoustic analysis of snoring will enable

discrimination between ‘simple snorers’ and patients with OSA.

Snoring and speech are both generated in the vocal tract. Fundamental frequencies and

harmonics can be observed in snoring, similar to formant frequencies in speech. However, the

differences between speech and snoring must be taken into account during analysis. Snoring

is caused by vibratory activity of pharyngeal structures, not by the vocal cords. The soft palate

flutters during snoring, while other structures may also vibrate. There is no articulation of

sound during snoring, which occurs mainly on inspiration [10]. According to Hill et al. [11]

the majority of snores contain a broad spectrum of sound frequencies, but palatal vibration

produces marked peaks and troughs, or impulses of sound loudness at low frequency, usually

below 50Hz.

Cheyne-Stokes respiration, or the apnoea-respiration cycle, occurs when breathing is char-

acterised by rhythmic waxing and waning of the depth of respiration; the patient breathes

deeply for a short time and then breathes very slightly or stops breathing altogether. The
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Figure 1.1: Cheyne-Stokes respiration.

pattern occurs over and over, every 45s to 3min [12], as in Figure 1.1.

1.3 Sleep Disorders

The ICSD divides sleep disorders into eight categories [13]:

1. Insomnias: difficulty falling asleep, difficulty staying asleep, early awakening or poor

sleep quality.

2. Sleep related breathing disorders.

3. Hypersomnias of central origin not due to a circadian rhythm sleep disorder, sleep re-

lated breathing disorder or other cause of disturbed nocturnal sleep.

4. Circadian rhythm sleep disorders.

5. Parasomnias: disorders that intrude into the sleep process and are manifestations of

central nervous system activation.

6. Sleep related movement disorders.

7. Isolated symptoms, apparent normal variants and unresolved issues.

8. Other sleep disorders.

Sleep apnoea falls under the category of sleep related breathing disorders. Although aware-

ness of this disorder has been increasing, it is estimated that 93% of females and 82% of males
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with the condition are undiagnosed and untreated [14]. The rest of this chapter details the

physiology of the condition, its prevalence, current diagnostics and treatments.

1.4 Sleep Apnoea

Between 1960 and 1980 sleep apnoea syndrome (SAS) was identified and classified [15]. A

detailed paper written in 1976 by Guilleminault et al. [16] defined an apnoea as the cessation

of airflow at the nose and mouth lasting at least 10s and SAS is diagnosed when at least 30

apnoeic episodes are observed in both REM and NREM sleep over a 7h period. A hypopnoea

is defined as reduced airflow for at least 10s and a fall in oxygen saturation (SpO2) of at

least 4%. There are two metrics commonly used to determine the severity of the condition:

the AHI and the ODI/RDI. The AHI (or apnoea-hypopnoea index) is the average number of

apnoeas and hypopnoeas per hour of sleep while the ODI/RDI (oxygen desaturation index or

the respiratory disturbance index) is the average number of oxygen saturation dips per hour of

sleep. The ICSD currently defines OSA as the combination of an AHI of at least five as well

as excessive daytime sleepiness [10].

There are two forms of SAS: central sleep apnoea (CSA) and OSA, with the latter being

more common [17], although the two forms may occur at different times in the same patient.

According to Thalhofer & Darrow [17], CSA is characterised by repeated apnoeas during sleep

resulting from loss of respiratory effort. OSA occurs when there is a physical obstruction in

the airway, as shown in Figure 1.2. In patients with OSA, apnoeas and hypopnoeas are caused

by the complete or partial collapse of the upper airway. With no air flowing into the lungs, the

arterial oxygen levels drop and carbon dioxide levels rise. There are also increasingly negative

pressure swings in the thorax. Blood pressure initially drops and then drifts upwards during the

episode. The patient eventually awakens with a surge of sympathetic nervous system activity,

leading to a spike in heart rate and blood pressure, and the resumption of breathing. These

repeated arousals cause sleep fragmentation which leads to daytime sleepiness [18].

There are a number of factors that predispose a subject to OSA including, being male,

increasing age, smoking and alcohol consumption. OSA has been shown to increase the risk

of motor vehicle accidents, hypertension, stroke, heart disease and diabetes [18, 19] and is

prevalent around the world (Table 1.1). Ben-Bassey et al. [20] studied teenagers in Nigeria.
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Figure 1.2: View of the upper airway during an apnoeic event. Taken from http://en.wikipedia.
org/wiki/Obstructive_sleep_apnea.

The results showed that being overweight is an evolving problem for this population, which is

attributed to an increasingly Westernised lifestyle. This Westernised lifestyle may lead to an

increase in the incidence of OSA in populations that are currently unaffected. Taj et al. [21]

carried out a cross-sectional survey in a hospital in Pakistan in order to determine whether

patients were at high- or low-risk for OSA. The authors found that 10% of the population

were at high risk for sleep apnoea. Pakistan has a high prevalence of factors which predispose

an individual to OSA; however, no studies have been carried out to determine the prevalence

of OSA there.

1.5 Diagnosing OSA

Currently, the ‘gold standard’ in terms of sleep disorder diagnosis (for all sleep disorders)

is a sleep study, or an overnight polysomnogram (PSG). When a subject undergoes a PSG,

a large number of signals are recorded including the EEG, the electrocardiogram (ECG), the

electrooculogram (EOG), the electromyogram (EMG), air flow, thoracic and abdominal move-

ments, and oximetry. Other parameters that may be monitored include body position, video,

and audio surveillance. Specialised equipment and a trained technician are required to record

these signals correctly. In addition, there are controversies surrounding the efficacy of sleep
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Table 1.1: Prevalence of OSA around the world, m=male, f=female, N/A=not available.

Study Location Ethnicity Gender Age (yrs) OSA rate (%)
Bearpark et al. [22] Australia Caucasian m 40-65 3.0
Ip et al. [23] Hong Kong Chinese m 30-60 4.1
Ip et al. [24] Hong Kong Chinese f 30-60 2.1
Kim et al. [25] Korea Korean m, f 40-69 4.5 (m)

3.2 (f)
Lam et al. [26] Asia Asian m, f middle aged 4.1-7.5 (m)

2.1-3.2 (f)
Sharma et al. [27] India Indian m, f N/A 4.9 (m)

2.1 (f)
Udwadia et al. [28] India Indian m 25-65 7.5
Young et al. [29] USA Caucasian m, f 30-60 4.0 (m)

2.0 (f)

labs in that some subjects do not sleep as well in the lab as they do at home. However, this

claim has been refuted by Portier et al. [30], who provided evidence that sleep architecture

and evaluation of sleep quality were no different between the home or laboratory setting.

PSGs are expensive, limited by the number of beds available in the hospital and the num-

ber of trained sleep specialists in the area. In order to overcome some of these issues, there

has been a move to home diagnostics. There are a wide range of home diagnostic kits avail-

able: ApneaLink (ResMed, San Diego, California) a single channel device; Apneoscreen Pro

(VIASYS Healthcare, Causeway Bay, Hong Kong) a 17 channel device; AURA PSG (Grass

Technologies, West Warwick, Rhode Island) a 16 channel device; and SleepMinder (Bian-

camed, Dublin, Ireland) a non-contact sleep and breathing monitoring device, these are just

some of the commercially available kits. In addition, a number of questionnaires have been

devised as screening tools for SAS. See section 3.1 for more details.

Flemons et al. [31] focused on determining the wait time for diagnosis and treatment in

five different countries (Table 1.2). The authors postulated that the difference in wait times

resulted from the limited beds available for sleep studies in each country, as well as a lack of

sleep specialists to score the data. Therefore, a home diagnostic device that is readily available,

reliable, and aids in scoring the data would be beneficial, and ideally would considerably

reduce the wait time.
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Table 1.2: Wait time for diagnosis and treatment in five different countries [31].

Country Wait time (months)
United Kingdom 7 - 60

Belgium 2
Australia 3 - 16

United States 2 - 10
Canada 4 - 36

1.6 Treatment for OSA

Guilleminault & Abad [32] categorised the various treatments for OSA as follows:

1. Diet and Lifestyle: A number of lifestyle changes, such as losing weight, avoiding

tobacco, alcohol and sleeping tablets, and modifying the usual sleeping body position,

can all aid in reducing the number of apnoeas and hypopnoeas that occur throughout the

night.

2. Pharmacological Treatments: Avoiding benzodiazepines and barbiturates in particular,

and minimising the use of narcotics in general, will help as they worsen apnoeas, hypop-

noeas and UA functionality. Some research has been carried out with limited success

on drug treatments which stimulate the neurotransmitters which contract the UA dilator

muscles in an effort to maintain UA patency [33–35].

3. Therapeutic Devices: These are oral appliances that physically modify the UA whilst

being worn. They are usually mandibular advancement devices (MAD) or tongue trusses

which hold the lower jaw and tongue forward. The efficacy of oral appliances (OAs)

in the treatment of OSA is questionable as, on average, only 52% of patients treated

with OAs had some success in controlling OSA. Effects on sleepiness and quality of

life were demonstrated but improvement in other neurocognitive outcomes were not

consistent [36]. Tongue retaining devices (TRDs) are another possibility which were

originally designed to combat snoring. They are mouthpieces which are worn while

asleep, fitting over both upper and lower dental arches with a compartment to hold

the tongue in a forward position by suction. TRDs can improve nocturnal respiration

for a wide range of apnoea severities, provided that the disorder is more severe in the
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supine position and that the body weight is not greater than 50% above the ideal [37].

Although these devices have been shown to be effective, patient tolerance of the device

has appeared to be lower than for MAD [38]. This might explain why they are prescribed

so infrequently [39].

4. Surgery: There are a number of options for surgery on the UA. The area operated on

depends on where the obstruction occurs in the individual patient. Some of the surgical

treatments available include: nasal reconstruction - to improve normal respiration; ton-

sillectomy and adenoidectomy - usually used for children with OSA in order to enlarge

the nasal inferior turbinates; mandibular osteotomy with genioglossus advancement - to

enlarge the retrolingual (posterior to the tongue) airway.

5. Assistive Devices: Positive airway pressure devices are the most commonly used ther-

apy for OSA and include continuous positive airway pressure (CPAP), bilevel positive

airway pressure (BiPAP) and autopositive airway pressure (APAP). A device like an

oxygen mask is worn over the mouth and/or nose and pressurised air is forced down

the airway thereby keeping it open. They are extremely effective when used correctly;

however, approximately 30-35% of patients are intolerant or non-compliant due to the

side effects of use, which include skin abrasions, bruising, chaffing from the mask, nasal

congestion or dryness, abdominal cramping [32].

6. Electrical stimulation: Electrical stimulation of the lingual musculature is another form

of treatment. Fine wire electrodes are implanted into either the genioglossus or the

hypoglossal nerve. By stimulating the nerves, UA patency is improved and it is possible

to maintain airflow without arousing patients from sleep [40–42], as shown in Figure

1.3.

This list comprises the typical treatments available to sufferers of OSA in the developed

world. Although the same treatments can also be used in developing countries, cost consider-

ations and supply infrastructure limitations severely restrict their availability. Lam et al. [26]

conclude that while CPAP is available in many parts of Asia it may not be a financially viable

option. They also suggest that OAs may be a more suitable treatment for Asian patients. This

is due to the belief that there are more modifiable factors in the craniofacial structure of Asian
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Figure 1.3: A device is implanted into the chest with an electrode used to stimulate the hypoglossal
nerve when breathing is reduced. This helps to maintain UA patency thereby reducing the occurrences
of apnoeas and hypopnoeas. Adapted from [43].

patients.

1.7 Summary and Thesis Overview

The current method used to diagnose OSA and the increasing awareness of the disorder (which

will only increase the wait times for diagnosis and treatment) both indicate that a low-cost sys-

tem using as few sensors as possible would be beneficial in screening for and monitoring the

effects of the treatment of OSA. The aim of this thesis was to find a parsimonious and easy to

collect set of signals (from the superset of signals recorded in sleep clinics) and other related

information (such as demographics), that can be used to reliably determine which subjects

are suitable for standard treatments, i.e. classify subjects requiring treatment (moderate OSA,

severe OSA) from those not requiring treatment (normal, snorer, mild OSA), using a smart-

phone. In order to develop an app to screen for OSA in the home, the signals analysed were

those that could be collected by a smartphone, namely audio and actigraphy, with the addition

of pulse oximetry that can be recorded by a Bluetooth pulse oximeter. Such an app would

be of particular benefit in developing countries, where the prevalence of OSA is similar to

that in developed countries (see Table 1.1) but there are far fewer sleep laboratories and sleep

clinicians available to screen for OSA.

The above therefore motivates the focus of this thesis, which is to identify a parsimonious

set of features from the superset of PSG signals, which can provide an acceptable accuracy for
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diagnosing OSA using signals recorded by a smartphone. A large clinical database of 1354

overnight PSGs of varying diagnoses was collected over a three year period. A subset of sig-

nals which are easy to record in the home using a mobile phone or similar low cost and small

form-factor Holter device were analysed both univariately, then in a multivariate manner using

novel signal processing approaches and machine learning. The main contents of the thesis are

described below. Chapter 1 outlines and motivates the research in this thesis, and provides

some clinical background. Chapter 2 details the commonly used metrics and techniques to

quantify model performance. Chapter 3 reviews previous work in the field on audio, actigra-

phy and pulse oximetry analysis as well as the utility of questionnaires. These three chapters

form the basis of an extensive review article now published: Roebuck et al. [44]. Chapter 4

examines the use of the audio signal for identifying sleep apnoea using a traditional signal

processing approach to provide a baseline. Chapter 5 presents a novel approach to analysing

audio recordings during sleep (based on multiscale entropy) which provides an improvement

on the baseline method. Using a random forest classifier, the accuracy in identifying OSA

is elevated from 71% to 79% when using multiscale entropy alone or 89% when fused with

demographics and ODI. Chapter 6 adds another traditional signal, the actigraph (recording

movement from an accelerometer). A similar approach is applied as with the audio signal,

and combines features derived from both signals together with information on demographics.

The findings indicate that the actigraph adds no additional information to the classification

accuracy. Chapter 7 adds one final signal to the analysis, the photoplethysmogram. After

conducting baseline studies to determine the accuracy of the PPG on its own, a machine learn-

ing approach is taken to combining features from audio and the PPG. An accuracy of 88%,

which is superior to the PPG alone (73%) was found. Chapter 8 discusses the importance of

this work and presents a smartphone app which has been designed to translate this work to

the home and demonstrate the feasibility of using just the signals (and analysis techniques)

described in this thesis. The work in this thesis has been ported to a smartphone and ethical

clearance has been given to start trials in a local hospital to prospectively validate the system.

Parts of Chapter 8 appear in Behar et al. [45] and Roebuck et al. [44] and were presented at

the Computing in Cardiology conference 2013. See Appendix B for more details regarding

these journal articles.
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Chapter 2

Metrics used to predict OSA

2.1 Performance Metrics

Classifier/model performance can be evaluated in terms of its ability to distinguish between

positive and negative outcomes. For models that output a probability estimate, a threshold is

selected and observations that are above the threshold are classified as the positive outcome.

This threshold is known as the operating point and transforms a continuous prediction into

a binary output. A variety of performance metrics can be calculated once the continuous

prediction has been transformed into a binary output. Depending on the threshold or operating

point chosen, every observation can be classified as a positive or a negative outcome. These

predictions can be seen as true positives, false positive, true negatives or false negatives. Table

2.1 describes these metrics.

Operating point statistics are measures of a classifier’s performance at a single operating

point, where an operating point can be thought of as the separation boundary between the pre-

dicted classes. The following statistics represent the efficacy of a classifier at a given operating

point.

Accuracy (Ac) represents the rate at which the classifier correctly labels all data. Though

Table 2.1: Description of the measurements which form the basis of many model evaluation statistics.

Metric Description Actual Prediction
True Positive (TP) Model correctly predicts a positive outcome Yes Yes
False Positive (FP) Model incorrectly predicts a positive outcome No Yes
True Negative (TN) Model correctly predicts a negative outcome No No
False Negative (FN) Model incorrectly predicts a negative outcome Yes No
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useful for evaluating the overall accuracy of a model in a single metric, it can be misleading

in binary cases where one class occurs much more frequently.

Ac =
T P + T N

T P + T N + FP + FN

Sensitivity (Se) measures how accurately a model discerns whether an instance is truly

a member of the positive class [46]. This is a very effective measure for determining the

discrimination of a model, especially in cases with low probability of a positive outcome.

S e =
T P

T P + FN

Specificity (Sp) evaluates how accurately a model discerns whether an instance is truly

a member of the negative class [46]. A low frequency of positive outcome may result in an

exaggerated specificity due to a low number of true positives.

S p =
T N

T N + FP

The positive predictive value (PPV) is the ratio of subjects with a positive outcome that

were correctly diagnosed [47]. It is useful for determining how effectively a classifier cor-

rectly assigns a positive outcome, as well as providing a credibility measure in this positive

classification. High positive predictive values infer a higher confidence in predicted positive

outcomes.

PPV =
T P

T P + FP

The negative predictive value (NPV) is the ratio of subjects with a negative outcome that

were correctly diagnosed [47]. High negative predictive values infer a higher confidence in

predicted negative outcomes.

NPV =
T N

T N + FN

The receiver operating characteristic curve (ROC curve) represents a model’s discrimina-

tion in a simple and easy-to-interpret 2D plot [48]. The true positive rate (Se) of the model

is plotted against the false positive rate (1 - Sp). By calculating the TPs, TNs, FPs and FNs

for every possible threshold in the predicted outcome, where values above the threshold are
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classified as positive and values below the threshold are classified as negative, the sensitivity

and specificity can then be calculated. Ideally, there would exist a point on the plotted curve

equivalent to 100% specificity and 100% sensitivity. As a model improves, the ROC curve

will approach (0, 1), which is the top left corner of the plot. This curve is useful for assessing

the trade off between sensitivity and specificity and for selecting the operating point for the

model being evaluated.

The area under the ROC curve (AUC) ranges between zero and one, where higher val-

ues indicate that their respective model is more effectively discriminating between the two

outcomes. A value of 0.5 indicates that the model does not predict any better than chance.

Though the AUC summarises the discrimination and performance of the model well, it does

not provide the information regarding the trade off between sensitivity and specificity that the

ROC curve does.

2.2 Model Comparison

The common metrics used to describe a particular model’s discriminatory power have been

described above. However, it is also useful to be able to compare one model to another and to

find out whether the difference is statistically significant or not.

It is possible to compare two AUCs calculated by two different models on the same obser-

vations, although this is not straightforward. Hanley & McNeill [49] showed that the standard

error (se) of an AUC can be estimated as follows:

se =

√
W(1 −W) + (n	 − 1)(Q1 −W2) + (n⊕ − 1)(Q2 −W2)

n	 × n⊕
(2.1)

Q1 =
W

2 −W
(2.2)

Q2 =
2W2

1 + W
(2.3)

where n	 and n⊕ denote the number of subjects in the negative and positive classes respec-

tively, W is the Wilcoxon statistic1, Q1 is the probability that two randomly chosen positive

observations are predicted with a greater probability than any observation and Q2 is the proba-

1A non-parametric test that compares two paired groups
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bility that one randomly chosen positive observation is predicted with greater probability than

two randomly chosen negative cases [49, 50]. Hanley & McNeill [51] then went on to define

the difference between two AUCs as:

se(W) =
W1 −W2√

se2
1 + se2

2 − 2 · R · se1 · se2

(2.4)

and is assumed to follow a standard normal distribution from which statistical significance can

be obtained. The correlation coefficient R between two models that are derived from the same

observations is estimated from a lookup table provided by Hanley & McNeill [51]. DeLong

et al. [52] provide an implementation of this problem that does not require the use of a lookup

table.

The net reclassification index (NRI) developed by Pencina et al. [53] is another method

for comparing two models. The notion of upward movement (up) is introduced as a change

from a lower category of risk with the old model to a higher category with the new model.

The downward movement (down) is the opposite. In terms of this classification problem, a

patient previously classified as requiring treatment and predicted as not requiring treatment by

the new model would be considered as a downward move. The NRI is defined as:

NRI = (P(up|y = 1) − P(down|y = 1)) − (P(up|y = 0) − P(down|y = 0)) (2.5)

z =
NRI√

P(up|y=1)−P(down|y=1)
#events +

P(up|y=0)−P(down|y=0)
#nonevents

(2.6)

Pencina et al. showed that a simple asymptotic test for the null hypothesis of NRI = 0 can be

used as in 2.6.

This method evaluates performance at a specific operating point and the authors propose

another metric which accounts for all possible classification thresholds. The integrated dis-

criminative improvement (IDI) is defined as follows:

IDI = (IS new − IS old) − (IPnew − IPold) (2.7)

where IS denotes the integration of sensitivity over all the cut-off values and IP denotes the

integration of one minus specificity over all cut-off values. As for the NRI, a simple asymptotic
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test can be used to test the null hypothesis that IDI = 0 as follows:

z =
IDI√

se2
events + se2

nonevents

(2.8)

2.3 Choosing Metrics

The metrics described above reflect how well the model fits the data. The metric chosen to

represent the model will depend on the expected use of the model. Accuracy can be used to

identify how well the model fits the data overall. AUC provides an aggregated measure of

discrimination, but in reality a single operating point needs to be chosen. Depending on the

risks of the model predicting FP or FN, different metrics can be used to represent the model.

Sensitivity is useful in cases where it is important to identify all positive cases, i.e. a screening

tool for OSA would need to identify all cases of OSA, while specificity can be used where

it is more important to identify all negative cases, i.e. deciding which subjects to treat for

OSA would require that all negative cases are excluded. Positive predictivity is useful when

deciding whether to continue treatment or not, while negative predictivity can be used for

deciding which subjects to remove from treatment.

2.4 Validating Model Performance

Ideally, models would be validated by collecting new data prospectively and computing the

performance metrics on this unseen data. The collection of prospective data is not always

possible and so a different approach is usually taken: prospective data is ‘collected’ by setting

the most recent observations aside while the model is designed, then these untouched obser-

vation are used to validate the model. In some circumstances this is not possible as the data

associating each subject with the date when the recording occurred is lost, usually as part of

the de-identification process. In these cases, cross-validation is usually used for model valida-

tion [54] which involves splitting the data set into independent and complementary datasets:

design set (Xdesign), composed of training and test data;

validation set (Xval), independent of Xdesign.

The proportion, v, used to divide the data into design and validation may influence the re-
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sults achieved and performance will vary depending on which data is drawn for the design

and validation sets. In addition, missing data in the design set may impair parameter estima-

tion, and different training/test distributions may affect results. To quantify this variability,

cross-validation is carried out using re-sampling:

• K-Fold cross-validation defines K independent and complementary groups of equal size.

The model is fitted to the data K times, leaving one Kth of the data aside as Xval. When

complete, each observation will have been used K times for the design and once for

validation, guaranteeing an equal contribution of all observations in the computation of

the performance metrics.

• Bootstrapping draws, with replacement, B random design sets consisting of v% of the

entire data set. Performance metrics and their variability can be estimated, although

there are two limitations to this approach: first, the results are not reproducible and

second, the respective contribution of each observation is uncontrolled.

• Jack-knifing considers all possible combinations of data splits for a given v. This means

that the performance metrics are reproducible however, the computation time can be

high for this method.

• Leave-one-out is a special case of jack-knifing where v is chosen so that a single obser-

vation is left out as Xval. In this case, N training datasets of N − 1 size are used as Xdesign

meaning that N independent predictions are used for model validation. It is not possible

to estimate the variance of the model using this method however, it is often used where

there is limited data.

2.5 Portable Monitors for OSA

The efficacy of portable monitors (PMs) and what performance statistics are required for them

to be considered reliable for a clinical diagnosis in an unattended home setting is still contro-

versial. A review by Collop et al. [55] of PMs divided them into four types:

1. Type 1: full attended PSG (≥7 channels) in a laboratory setting.
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2. Type 2: full unattended PSG (≥7 channels), which can be considered as comprehensive

portable PSG.

3. Type 3: limited channel devices (4–7 channels).

4. Type 4: 1–2 channels using oximetry as one of the channels.

Many of the PMs that the authors evaluated were attempting to replicate AHI values from

PSG, to mimic manual/visual scoring or were interested in reproducibility. Table 2.2 details

the relevant studies carried out, the type of device used and the associated results of those

reviewed by Collop et al. As the work in this thesis is not based on full PSG and all recordings

have taken place in the home, only PMs of types 3 and 4 in an unattended home setting have

been considered.

Table 2.2: Efficacy of portable monitors. All studies compared the results of a home PM to full in-
laboratory PSG. Se = sensitivity, Sp = specificity, PPV = positive predictive value, NPV = negative
predictive value, Ac = accuracy.

Study Type Gold Results (%)
Standard

Álvarez [56] 3 PSG Se = 90.1, Sp = 82.9, Ac = 87.2
Ancoli-Israel [57] 3 PSG Se = 100, Sp = 66

Ayappa [58] 3 PSG Se = 88, Sp = 92
Bachour [59] 3 PSG Se = 64, Sp = 78
Dingli [60] 3 PSG failure rate of 18%

Nakano [61] 4 PSG Se/Sp = 54/100, 83/97, 98/78 normal-weight, overweight and obese
Schäfer [62] 3 PSG Se = 94, Sp = 41

Westbrook [63] 3 PSG Se = 91.5, Sp = 85.7, PPV = 91.5, NPV = 85.7
Whitelaw [64] 4 PSG correct prediction rate = 0.64

Yin [65] 3 PSG AHI specificity became higher with respect to OSA severity.
Record time had to be more than 390mins to get enough data.

Sleep position was significantly different between PM and PSG.

Collop [66] recently updated this review online including literature up to September 2013.

The latest review concludes that PM is an acceptable approach for diagnosing OSA in those

subjects with a high pre-test probability of having moderate to severe OSA and no comorbid

medical or sleep disorders. The author notes that type 3 and type 4 devices have highly variable

diagnostic performance and most do not include a conventional measure of sleep, which has

many drawbacks. In addition, the authors suggest that pulse oximetry should not be used

alone to diagnose suspected OSA, as it tends to have high specificity but low sensitivity when

quantitative criteria are used. When qualitative criteria are used, pulse oximetry tends to have

high sensitivity but low specificity. As such, pulse oximetry can be either sensitive or specific
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but not both; therefore, false-positive or false-negative tests will be common depending on the

criteria chosen to define a positive test.

Flemons et al. [67] carried out a large review of PMs and addressed the question of whether

a single PM could be used to both reduce and increase the probability that a subject has an ab-

normal AHI, among others. In order to both reduce (give a negative result) and increase (give

a positive result) the probability that a subject has OSA, a PM has to have both a high sensitiv-

ity/low likelihood ratio (LR) for a negative result and a high specificity/high LR for a positive

result. If a PM is able to achieve this at a single threshold, then subjects will have either posi-

tive or negative results, and if the test has excellent operating characteristics there will be few

false positive or false negative results. For type 3 devices in an unattended home setting, the

authors found two of four home studies (with evidence level II) provided both high positive

and low negative LRs. Both studies used flow thermistry and an optional oxygen desaturation

criterion for detecting events. These studies also used different thresholds to produce the low

and high LRs, given 22% of subjects in one study and 37% in the other had intermediate re-

sults and were not classified as having, or not having, sleep apnoea. The misclassification rates

were 16% and 5% respectively. The authors note that, due to the limited data from the home

setting, additional evaluation is required. For type 4 devices, only one study (using SpO2)

reported data that allowed the monitor to classify some patients as either having or not having

sleep apnoea. There was a high percentage of subjects not classified (50%) but there was a

low misclassification rate (4%). The authors note that overall, most of the studies reporting

data that produced both low and high LRs were rated as good quality (evidence level I/II)

and the monitor type or primary signal measured did not appear to influence the results. An

interesting point that the authors raise is that the standard approach used to validate PMs is to

compare a PM with a reference standard. However, this approach is limited in that it assumes

that lab-based PSG is the optimal approach for diagnosing OSA. This is not necessarily true.

As stated previously, subjects often do not sleep as well in a lab-setting as they do at home,

and they are likely to spend more time on average sleeping supine. In addition, the AHI corre-

lates poorly with outcomes that are important to subjects, such as quality of life and daytime

sleepiness, and does not predict very well those subjects who will ultimately use and benefit

from therapy. The authors conclude that a more appropriate validation study would compare
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the impact of PM and PSG on a physician’s decision-making ability and outcomes important

to subjects. To date, no studies have been published using this approach.

Epstein et al. [68] state that PM for diagnosing OSA should only be performed in conjunc-

tion with a comprehensive sleep evaluation, and sleep evaluations using PM must be super-

vised by a practitioner with board certification in sleep medicine, or equivalent. The authors

recommend that PMs should record airflow, respiratory effort and blood oxygenation at a

minimum, with an experienced sleep technician, sleep technologist, or appropriately trained

healthcare practitioner either educating the subject on the correct placement of the sensors or

applying them personally. PMs may be used in a home setting as an alternative to PSG for

subjects with a high pretest probability of moderate to severe OSA, with no comorbid sleep

disorders or major comorbid medical disorders. As the diagnosis of OSA is confirmed and

severity determined using the same criteria as for PSG, scoring criteria should be consistent

with the current published AASM standards from scoring apnoea and hypopnoeas. PMs are

known to have a high false negative rate, and so in-laboratory PSG should be performed in

cases where PM is technically inadequate or fails to establish a diagnosis of OSA in subjects

with a high pretest probability.

2.6 Summary

This chapter comprises the statistical methods used to quantify and compare model perfor-

mance. In this thesis, the parameter maximised is Ac. The population studied has an approx-

imately 60:40 split of treatment vs. non-treatment subjects; Ac should not be misleading as

one class does not occur more frequently than the other. Both NRI and IDI are used to com-

pare model performance; NRI for classifiers with binary outputs and IDI for classifiers with

probabilistic outputs. The models are trained and validated using five-fold cross-validation.
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Chapter 3

Review of existing data analysis

techniques for assessing OSA

The literature is replete with studies which report on a variety of signals and algorithms to

detect OSA. The work presented in this thesis is based upon some of the easiest and least costly

signals to collect: audio, actigraphy, pulse oximetry and demographic information (collected

from questionnaires). Therefore the literature review presented here focuses on these data

types only.

3.1 Questionnaires and Demographics

A number of questionnaires have been devised for the pre-screening of OSA. The most com-

monly used are: the Epworth Sleepiness Scale (ESS) [69], the STOP BANG questionnaire

[70], Flemon’s questionnaire [71] and the Berlin Questionnaire (BQ) [72]. The individual

questionnaires and how they are scored can be found in Appendix C, while an overview of

what the different scores mean can be found in Table 3.1.

The ESS [69] asks a subject to rate how likely they are to fall asleep under a range of

conditions such as driving, while sitting down, etc. The scale ranges from 0 to 24 where

ESS< 11, 11 ≤ESS≤ 14, 15 ≤ESS≤ 18 and ESS> 18 are defined as normal, mild subjective

daytime sleepiness, moderate subjective daytime sleepiness and severe subjective daytime

sleepiness respectively [73]. However, there is a relatively weak correlation between ESS and

OSA severity [74, 75].
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The STOP BANG questionnaire was developed for OSA screening in surgical patients (i.e.

those about to undergo any surgical operation) [70]. Undiagnosed OSA in surgical patients

can have a serious impact on postoperative outcomes. Identifying patients with a high risk

of OSA can help to prevent adverse health events and perioperative outcomes. The name

derives from the eight questions it is comprised of: snoring, tiredness during the day, observed

apnoeas, high blood pressure, body mass index (BMI)1 (cut-off of 30), age (cut-off of 50), neck

circumference (cut-off of 40cm) and gender (male). Any three of the eight indicates a higher

probability of OSA. The STOP BANG was completed by 2,974 patients in the preoperative

clinics of Toronto Western Hospital and Mount Sinai Hospital, Toronto, Ontario, Canada. 211

patients underwent PSG; 34 for the pilot study and 177 for validation. For an AHI of 5, 15

and 30 Se of 83.6% (Sp = 56.4%), 92.9% (Sp = 43%) and 100% (Sp = 37%) were found. It

is clear that the STOP BANG is highly sensitive but not specific.

Flemons’ questionnaire, or the Calgary Sleep Apnoea Quality of Life Index (CSAQLI), is

a non-clinical questionnaire that evaluates health-related quality of life in patients with sleep

apnoea, both before and after treatment. This is a very detailed questionnaire including ques-

tions regarding daily activity, symptoms and treatment for sleep apnoea. More information

can be found in Appendix C. Flemons & Reimer [76] found that there was a weak correlation

between the CSAQLI and the ESS (r = −0.26, p = 0.02). A change in CSAQLI score with

treatment was correlated with changes in the RDI (r = −0.46, p < 0.0001). The CSAQLI had

a high reliability coefficient of 0.92 on testing and retesting at two weeks.

The BQ identifies subjects at risk of SAS. The BQ was assessed on 130 sleep clinic patients

and, for an RDI > 10, Se was 62% (Sp = 43%) [77]. The authors concluded that the BQ was

not appropriate for identifying patients with sleep apnoea in a sleep clinic population.

A variety of demographics have also been used to screen/predict OSA, including age,

gender, height and weight. Stradling & Crosby [78] found that neck size (r2 = 7.9%, p <

0.0001) and alcohol consumption (r2 = 3.7%, p < 0.0001) correlated best with OSA, and

less well with age (r2 = 1%, p = 0.009) and general obesity (r2 = 1%, p = 0.01). Chung

et al. [70] developed the STOP BANG questionnaire in two stages: firstly looking at STOP

questions (snoring, tiredness during the day, observed apnoeas and blood pressure) and then

seeing the improvement that could be obtained by including demographic information from

1BMI is a proxy for body fat percentage based on an individual’s height and weight.
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Table 3.1: Meaning of the questionnaire scores.

Questionnaire Meaning
ESS ESS < 11: normal

11 ≤ ESS ≤ 14: mild subjective daytime sleepiness
15 ≤ ESS ≤ 18: moderate subjective daytime sleepiness
ESS > 18: severe subjective daytime sleepiness

STOP BANG STOP BANG < 3: low risk of OSA
STOP BANG ≥ 3: high risk of OSA

CSAQLI used as an evaluative instrument to measure within-subject
change in response to a therapeutic intervention. Some of
the adverse consequences of currently available therapies
for sleep apnoea are captured

BQ ≤ 1 categories with a positive score: low risk of OSA
≥ 2 categories with a positive score: high risk of OSA

the BANG questions (BMI, age, neck circumference, gender). The authors found that Se (Sp)

increased from 65.6% (60.0%) to 83.6% (56.4%) when demographics were included for an

AHI > 5, indicating that demographics may be useful. It is unclear whether demographics

improve OSA diagnosis which may be because subjects are asked to fill in the information

themselves, and could therefore be reporting inaccurate figures.

3.2 Audio

Due to the physiological similarities between how snoring and speech are produced (detailed

in section 1.2), not to mention the availability of common methods for digital processing and

analysis, the audio analysis of snoring has been approached from the perspective of speech

analysis [10]. The following are some basic metrics used to quantify speech and snoring:

• Sound Pressure Level (SPL): The logarithm of the ratio of a given pressure level p to a

reference pressure p0. S PL = 20log10(p/p0).

• Signal to Noise Ratio (SNR): The ratio of signal to noise that is received, where S is an

estimate of the underlying signal of interest, and N is an estimate of the noise; S + N is

the complete observation. S NR = 20log10(S/N).

• Weighted sound intensity measurement: Used to mimic the perception of loudness, and

reduce the influence of certain frequencies in an audio signal. There are three commonly

used weightings: A, B and C which refer to different sensitivity scales for noise mea-
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surement. Each weighting is a filter with different poles and zeros depending on which

frequencies are to be reduced/removed. The A-weighting curve follows the frequency

sensitivity of the human ear at low levels, i.e. much of of the low-frequency noise is

filtered out. The B-weighting curve follows the frequency sensitivity of the human ear

at moderate levels while the C-weighting curve follows the frequency sensitivity of the

human ear at very high noise levels. This scale is quite flat and includes more of the

low-frequency range than the A and B scales.

• Root Mean Square (RMS) value: The square root of the time average value of the square

of a signal. Vrms =

√√
1
n

n∑
i=1

V2
i .

• Crest Factor: The highest absolute value of a signal divided by the RMS value. This

method has been used to distinguish between palatal and non-palatal snoring [11,79,80]

with the crest factor being higher for palatal snoring.

• Equivalent noise level: The squared ratio of the signal (pA) and a reference signal (p0),

averaged over a time T , then converted to a logarithmic value. Leq = 10 log
[

1
T

∫
p2

A

p2
0

dt
]
.

More advanced methods exist that both analyse and model snoring sounds and these are

explored in the following sections.

3.2.1 Linear Predictive Coding

Developed in the late 60s by Atal & Hanauer [81], linear predictive coding (LPC) attempts to

model each new speech sample as a linear combination of previous samples. LPC is a model

of an all pole filter; the vocal tract can be approximated by LPC due to its resonant chamber,

except for nasal sounds which introduce zeros (see section 1.2).

Solá-Soler et al. [82] used LPC to analyse the snoring signal’s spectral envelope. They

used 16 snorers: 8 simple snorers (6 males (m), 2 females (f); age = 46.0±8.15yrs; BMI =

27.93±3.01kg/m2; AHI = 8.78±2.64events/h) and 8 OSA patients (8 m; age = 50.75±8.01yrs;

BMI = 28.96±2.32kg/m2; AHI = 34.04±25.1events/h). Significant differences in the formant

frequency variability between the two groups were found: the standard deviation of some

snoring formant frequencies was significantly lower (p < 0.005) in simple snorers than in

OSA patients, even including non post-apnoeic snorers in this latter group.
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Ng et al. [83] used LPC to model 30 apnoeic snorers (24 m, 6 f; AHI = 46.9±25.7events/h)

and 10 benign snorers (6 m, 4 f; AHI = 4.6±3.4events/h). LPC was used to calculate the first

three formant frequencies2 (F1, F2 and F3) and quantitative differences were found between

the two groups with higher formant frequencies appearing in apnoeic snorers. Apnoeic snorers

were differentiated from benign snorers with Se = 88% and Sp = 82% using a threshold value

of F1 = 470Hz.

Yadollahi & Moussavi [84] modelled 15 snorers (12 m, 3 f; age = 52.3±15.2yrs; BMI =

35.1±4.6kg/m2; AHI = 33.9±42.3events/h) using LPC. A total of 1636 snore segments and

3059 breath segments at different sleeping positions were selected from all subjects and the

authors found that F1 and F3 were significantly different between breath and snore segments

(p = 0.003 and p = 0.0244 respectively).

3.2.2 Frequency Analysis

Fiz et al. [85] studied 17 snorers: 10 with OSA (10 m; BMI = 32.9±7.6kg/m2; AHI =

26.2events/h) and 7 simple snorers (7 m; BMI = 29.7±7.2kg/m2; AHI = 3.8events/h). Spec-

tral analysis showed two distinct patterns. The first pattern had a fundamental frequency and

harmonics while the second pattern had a low frequency peak with the sound energy scattered

on a narrower band of frequencies, but without clearly identifiable harmonics (with a lower

peak frequency). The simple snorers and two of the OSA patients displayed the first pattern

while the other eight OSA patients displayed the second pattern. Significant negative correla-

tions between AHI and peak and mean frequencies of the snoring power spectrum were found

(p < 0.0016 and p < 0.0089, respectively).

McCombe et al. [86] developed an acoustic index, Hawke Index, on 9 OSA patients (8

m, 1 f; BMI = 28.7±4.1kg/m2; AHI>15events/h) and 18 simple snorers (16 m, 2 f; BMI =

28.6±3.9kg/m2; AHI<15events/h). The index is the ratio between the overall A-weighted

sound level in decibels (dB(A)) and linear sound level in decibels (dB(SPL)) for the recorded

snoring sound of each subject for the maximum snoring sounds for each subject (Lmax) [HI

= dB(A)/dB(SPL) for Lmax]. A large low-frequency peak in SPL at approximately 80Hz was

observed, while the OSA group had a larger high frequency sound component. The Hawke

2These appear where there is a concentration of energy around a particular frequency in the acoustic
wave.
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Index had Se = 67%, Sp = 100%, PPV = 100% and NPV = 86%.

Meslier et al. [87] found that the fundamental frequency of snoring was between 40 and

75Hz. Perez-Padilla et al. [88] observed similar results when they analysed 10 heavy snorers

and 9 OSA patients using the fast Fourier transform (FFT). They found that most of the snoring

noise power occurred below 2kHz with a peak power less than 500Hz. The OSA subjects

displayed a sequence of snores with spectral characteristics that varied markedly through an

apnoea-respiration cycle (see section 1.2). OSA patients exhibited residual energy at 1kHz

while heavy snorers did not. Fiz et al. [85] postulated that the differences between their results

and the results from Perez-Padilla et al. [88] are due to the differences in experimental methods

and recording equipment. Specifically, Fiz et al. placed the microphone above the larynx while

Perex-Padilla et al. placed the microphone on the manubrium sterni.

Hara et al. [89] analysed 12 simple snorers (8 m, mean BMI = 24.5kg/m2; 4 f, mean BMI

= 24.8kg/m2; AHI≤5events/h) and 46 OSA patients (40 m, mean BMI = 25.8 kg/m2; 6 f,

mean BMI = 26.1kg/m2; AHI≥20events/h). The parameters used were peak frequency, soft

phonation index (SPI), noise to harmonics ratio (NHR), and power ratio. SPI is the average ra-

tio of lower frequency harmonic energy in the 70-1600Hz range to higher frequency harmonic

energy in the 1600-4500Hz range. NHR is defined as the average ratio of the inharmonic

spectral energy in the 1500-4500Hz range to the harmonic spectral energy in the 70-4500Hz

range. The power ratio is the ratio of the power spectrum below 800Hz to the power spectrum

above 800Hz. The authors found that simple snorers had a high SPI value, while OSA snorers

had a high NHR and a low power ratio.

Herzog et al. [90] studied the peak intensity of the power spectrum using 60 subjects (60

m; mean age = 50yrs; mean BMI = 29.6kg/m2; 18 subjects had an AHI≥10events/h). Simple

snoring had a low frequency pattern (peak intensities between 100-300Hz) and rhythmic pe-

riodicity, while apnoea events had a high frequency pattern (peak intensities above 1000Hz)

and non-rhythmic periodicity. A raised AHI correlated significantly with an increase in peak

intensity of the FFT curve (p < 0.001). A number of acoustic properties have been used

to try to classify OSA including noise to harmonics ratio [89], peak intensity [90], formant

frequencies [83, 91] and phase coupling relations [91–93].

It should be noted that the above techniques assume that the signals are stationary/quasi-
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stationary; an assumption which can be false depending on the length of the speech/snoring

signal. However, the signal can be assumed to be quasi-stationary when windowed at an

appropriate length. Wavelet analysis is a suitable method for analysing signals which are

non-stationary. Ng et al. [94] developed a noise reduction preprocessing system for snore

signal enhancement and snore activity detection in a laboratory setting. They used the snor-

ing sounds of 30 snorers with OSA (24 m, 6 f; age = 44±13yrs; BMI = 29.3±6.9kg/m2;

AHI = 46.9±25.7events/h) and 10 snorers without OSA (6 m, 4 f; age = 41±12yrs; BMI =

26.9±5.6kg/m2; AHI = 4.6±3.4events/h). The average SNR of the de-noised snoring signal

was improved. When the power spectrum of snore signals was generated by the FFT and a

peak frequency of 232Hz was used to distinguish between apnoeic snorers and benign snorers,

the results obtained were Se = 45% and Sp = 86%. When the power spectrum was generated

via the Welch’s method, the peak frequency was 245Hz resulting in Se = 86% and Sp = 70%.

Matsiki et al. [95] used the continuous wavelet transform to analyse the snoring sig-

nals of seven OSA patients (6 m, 1 f; age = 56±11.4yrs; BMI = 33.4±5.0kg/m2; AHI =

35.84±17.15events/h). They found that for each patient there was a frequency region which

was almost always active and could be used for diagnosis.

3.2.3 Hidden Markov Models

Hidden Markov Models (HMMs) model the system as a number of states with unknown pa-

rameters. The challenge is to determine the hidden parameters from the observable data.

Features are derived and combined from the input signal via a statistical framework that leads

to a decision or the labelling of the input signal.

Duckitt et al. [96] recorded the sounds of six self-acknowledged snorers (4 m, 2 f; age

range = 43-75yrs) sleeping in their own homes. The data were parametrised with mel-

frequency cepstral coefficients (MFCCs)3 [97], with 12 MFCCs calculated every 10ms using

a 30ms window of data. HMMs were used to model the different types of sounds. The audio

data were manually and automatically segmented (by experts and the HMM approach) into

periods of ‘snoring’, ‘silence’, ‘breathing’, ‘noise from bed clothing movement’ and ‘other

3MFCCs make up a mel-frequency cepstrum which is a representation of the short-term power
spectrum of a sound, based on a linear cosine transform of a log power spectrum on a non-linear mel
scale of frequency. The mel scale is a perceptual scale of pitches judged by listeners to be equal in
distance from one another.
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noise’. The authors found that the Se was 89% when the HMMs were trained and validated on

the data from all six subjects; when the HMMs were trained on three subjects and validated

on the other three subjects the system had 82% Se when compared to the expert manual anno-

tations. The latter approach is more representative of how the system is likely to perform on

unseen patients, although the population is still very small and the results must therefore be

treated with suspicion.

3.2.4 Energy Distribution

Cavusoglu et al. [98] analysed the energy distribution in order to distinguish between snoring

and non-snoring events. The study used 30 subjects: 12 OSA patients (12 m; age = 53.26yrs

(range 44.87-61.65); BMI = 32.76kg/m2 (range 27.47-38.05); AHI = 39.21events/h (range

22.17-56.25)) and 18 simple snorers (16 m, 2 f; age = 46.92yrs (range 40.21-53.63); BMI =

27.66kg/m2 (range 23.41-31.91); AHI = 4.29events/h (range 3.03-5.55)) to study the 500Hz

sub-band energy distribution to identify snoring and non-snoring events. The 0-7500Hz fre-

quency range was divided equally into non-overlapping 500Hz sub-bands and the average

normalised energy for each sub-band was calculated for each sound activity episode, where an

episode was classified as snore or non-snore. The data were divided equally into train and val-

idation sets and the classification boundary was found by linear regression. Snoring episodes

exhibited a regular pattern in the spectrogram and could be easily distinguished from other

sounds. For simple snorers, the algorithm had a Se of 90.2% and a PPV of 98.7% while for

OSA patients Se was 86.8% and PPV was 93.8%.

Jones et al. [99–101] studied a number of acoustic parameters: snore duration, snore loud-

ness, snore periodicity and sub-band energy distribution. There were 20 subjects involved in

this study (18 m, 2 f; age = 46yrs (range 33-65); BMI = 31.6kg/m2 (range 26.9-44.1)). The

total energy in the 0-200Hz, 0-250Hz and 0-400Hz frequency ranges was estimated and ex-

pressed as a ratio of the total energy level of the recording. The results were used to determine

whether palatal surgery had been successful. The Pringle & Croft grading (using objective

methods) had Sp = 62.5%, Se = 50%, PPV = 66.6% and NPV = 45.5%; the Camilleri et al.

grading (using objective methods) had Sp = 37.5%, Se = 91.7%, PPV = 68.7% and NPV =

75%. The different gradings can be found in Table 3.2, where the Camilleri et al. grading
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is a simplified version of the Pringle & Croft grading. The simplification was based on the

observation that uvulopalatopharyngoplasty alone will not cure patients with grade three, or

greater, sleep nasendoscopy results.

Table 3.2: Sleep nasendoscopy grading systems proposed by Pringle & Croft, later simplified by Camil-
leri et al..

Pringle & Croft [102]
Grade 1 simple palatal snoring
Grade 2 single level palatal obstruction
Grade 3 multi-segment involvement
Grade 4 sustained multi-segment collapse
Grade 5 tongue base level obstruction

Camilleri et al. [103]
Grade 1 palatal snoring
Grade 2 mixed snoring
Grade 3 non-palatal (tongue base) snoring

3.2.5 Pitch

Pitch is associated with the vibration frequency of the vocal cords and is the psycho-acoustic

equivalent of the fundamental frequency. Speech, and therefore pitch, change over time and

so it is common to track pitch over time [10].

Abeyratne et al. [104] divided snore-related sounds into pure breathing, silence, voiced

snores and unvoiced snores. Voiced components, ssv(n), were separated from unvoiced ones,

ssuv(n), using pitch information particular to ssv. A number of parameters in the pitch infor-

mation could be changed, and when applied to a clinical database of 16 patients (8 m, 8 f; age

= 52yrs (range 36 - 71); AHI = 30.3events/h (range 3.3 - 85.7)), the Se ranged from 86% to

100%, with Sp remaining between 50% and 80%. Abeyratne et al. [105] divided snore-related

sounds into three main classes: benign snoring (BS), apnoeic snoring (AS) and speech. The

authors analysed snoring sounds from 14 patients, of whom half were classified as AS and

the other half as BS and found that the data could be separated into AS class with 92% Ac

and into BS with 90% Ac, while the separation of speech from the rest of the data was 100%

accurate.
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3.2.6 Higher Order Statistics

Higher order statistics, or cumulants, and their associated Fourier transforms, or polyspectra,

reveal both amplitude and phase information about a process [106].

Ng et al. [93] studied nine OSA patients (age = 47±18yrs; BMI = 29±7kg/m2; AHI =

41±19events/h), and seven simple snorers (age = 38±11yrs; BMI = 27±6kg/m2; AHI =

4±3events/h). The raw snore signals were denoised using a modified level-wavelet-dependent

thresholding scheme under an undecimated wavelet environment. Non-linear properties in the

noise-suppressed snore signals were extracted to discriminate between apnoeic and simple

snorers. The authors found that apnoeic snores exhibited a higher degree of phase coupling

phenomena than simple snores (77% of benign snores indicated the presence of self-coupling,

compared to only 49% of apnoeic snores).

3.2.7 Other Methods

Shepard et al. [107] noted that the diagnosis of OSA may be more accurate if any structural

and/or functional abnormalities of the UA are known. The SNAP testing system (SNAP Lab-

oratories, Glenview, Illinois) is a reflective acoustic device that may be used for screening and

analysis to locate the source of snoring and detect sleep apnoea conditions. A number of stud-

ies have been carried out comparing the SNAP testing system to conventional PSG. Liesching

et al. [108] found that SNAP did not assess the severity of OSA correctly compared to con-

ventional PSG. Michaelson et al. [109] found that for an AHI≥ 15 SNAP had Se = 100%, Sp

= 88.5%, PPV = 57% and NPV = 100%. Su et al. [110] found that 20% of patients were clas-

sified incorrectly using the SNAP system. Galer et al. [111] focused on the audio channel and

found that analysing snoring has limited use in the evaluation of patients with sleep apnoea.

An effort has been made recently to use snoring to estimate the AHI. Solá-Soler et al. [112]

analysed the sounds of 36 subjects (25 m, 11 f; age range = 23-69yrs; AHI range = 0-

90.8events/h). Snoring sounds were automatically identified and both time and frequency

domain features were computed. The authors found that they could classify into AHI< 5,

5≤AHI<30 and AHI≥30 with 83.3% Ac using these features. Ben-Israel et al. [113] auto-

matically identified the snoring sound from 90 subjects (57 m, 33 f; age = 53±13yrs; BMI =

31±4kg/m2) and calculated a variety of features (MFCCs, pitch density, etc.). These features
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correlated well with the AHI calculated from the PSG (r2 = 0.81, p < 0.001) and achieved

an AUC of 0.85 and 0.92 for thresholds of 10 and 20events/h, respectively, for OSA detec-

tion. Fiz et al. [114] automatically identified the snores of 37 snoring subjects (25 m, 12 f;

age range = 40-65yrs; BMI = 29.65±4.7kg/m2). The number of snores, average intensity

and power spectral density parameters were calculated for each subject, who were then clas-

sified with AHI = 5 and AHI = 15 thresholds giving Se (Sp) of 87% (71%) and 80% (90%),

respectively.

3.3 Actigraphy

Actigraphy is often used in assessing sleep, usually for determining whether the subject is

asleep or awake in a given epoch. However, there is much written on whether actigraphy is

actually capable of reliably detecting awakenings, particularly in specific sub-populations.

Ancoli-Israel et al. [115] identified the role that actigraphy plays in sleep and circadian

rhythms. The authors found that actigraphy is used in four main areas: studying the validity

of actigraphy; using actigraphy in populations with sleep disorders; using actigraphy to study

circadian rhythms; using actigraphy as a treatment outcome measure. The authors identified

a number of studies that attempt to detect OSA using actigraphy. In all cases, this is based

on the fact that apnoeics have more fragmented sleep compared to normal subjects. This

fragmentation is manifested in body movements that are detected by the actigraph. The authors

concluded that actigraphy, due to its greater sensitivity, is better than sleep logs at detecting

brief arousals from sleep. Actigraphy is capable of distinguishing moderate to severe sleep

apnoea patients from normal controls.

3.3.1 Sleep-wake Identification

Much of the research performed on sleep-wake identification and algorithm development is

based on the work of Webster et al. [116]. The authors found that an algorithm that summed

changes in activity level over a 2s interval was the most sensitive. EEG and activity sleep-wake

scores agreed 94% of the time.

Cole et al. [117] developed an automatic scoring method to distinguish sleep from wake-
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fulness based on wrist activity. 41 subjects (32 m, 9 f; age = 50.2±14.7yrs), 18 were normal

and 23 had sleep or psychiatric disorders, wore a wrist actigraph during PSG. The algorithm

computed a weighted sum of the activity in the current minute, the preceding four minutes and

the following two minutes as follows:

S = 0.0033(1.06A−4 + 0.54A−3 + 0.58A−2 + 0.76A−1 + 2.3A0 + 0.74A+1 + 0.67A+2)

where A−4, A−3, A−2, A−1 are the activity counts from the previous four minutes respectively,

A0 is the activity count from the current minute, and A+1 and A+2 are the activity counts of

the following two minutes. The current minute is scored as sleep when S < 1. The algorithm

correctly distinguished sleep from wakefulness 88% of the time in the validation data set.

Sadeh et al. [118] analysed actigraph data from 20 adults (9 m, 11 f; age = 22.6±1.7yrs)

and 16 adolescents (8 m, 8 f; age = 13.8±1.9yrs) who wore actigraphs on both wrists. The

authors found that, although activity levels differed between the dominant and non-dominant

wrists during sleep and wake, the sleep-wake scoring algorithm was equally explanatory (R2 =

0.64, p < 0.0001) and agreement between wrist actigraphy and PSG ranged between 91% and

93% for both wrists. The sleep-wake scoring algorithm the authors developed was:

PS = 7.601 − 0.065M5 − 1.08N − 0.056σ6 − 0.073 ln Ac

where PS is the probability of sleep, M5 is the average number of activity counts during the

scored epoch and a window of five epochs preceding and following it, N is the number of

epochs with activity level equal to or higher than 50 but lower than 100 activity counts in a

window of 11mins, including the scored epoch and the five preceding and following it, σ6

is the standard deviation of the activity counts during the scored epoch and the five epochs

preceding it, ln Ac is the natural logarithm of the number of activity counts during the scored

epoch+1. If PS ≥ 0 the epoch is scored as sleep; otherwise it is scored as wake.

DeSouza et al. [119] compared Cole’s [117] and Sadeh’s [118] algorithms with PSG. 21

healthy volunteers (7 m, 14 f) underwent two nights of simultaneous PSG and actigraphic

measurement. Only the second night was studied. Each 30s epoch of PSG data was auto-

matically classified according to the R&K rules. These 30s epochs were then pooled into
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one minute intervals and classified as wake or sleep. Wake was taken to be two consecutive

wake epochs or two epochs of sleep-wake or wake-sleep; sleep was taken to be two consec-

utive sleep epochs. The actigraphy data were collected using the zero-crossing method in

one minute epochs. Both algorithms correctly classified 91% of the activity epochs with the

same state (sleep or wake) as the PSG epochs, with Se of 99% (Sp = 34%) and 97% (44%)

for Cole’s and Sadeh’s algorithms respectively. Actigraphy consistently overestimated sleep

latency, total sleep time (TST) and sleep efficiency (SE) while underestimating intermittent

awakenings. The authors concluded that in assessing sleep, actigraphy has its uses; however,

it is limited in identifying wake epochs during sleep.

Paquet et al. [120] evaluated the ability of actigraphy to detect wakefulness in healthy

subjects with different amounts of wakefulness. 15 healthy subjects (7 m, 8 f; age range =

20-60yrs) underwent non-dominant wrist actigraphy with simultaneous full PSG. Four sleep-

wake scoring algorithms were used: two were threshold-based algorithms provided by the

manufacturers of the actigraphs used in the analysis and the remaining two were derived

from Lötjönen et al.’s [121] regression analysis based method (which are different versions

of Sadeh’s algorithm). When actigraphy and PSG were compared epoch-by-epoch, there was

a significant decrease in actigraphy accuracy with increased wakefulness in sleep conditions.

The authors postulated that the reason for this was the low specificity of actigraphy. TST

and SE were overestimated more in conditions involving more wakefulness. The authors con-

cluded that the use of actigraphy in detecting wakefulness in populations with fragmented

sleep or when the sleep-wake cycle is disrupted may not be valid.

Kushida et al. [122] compared PSG derived sleep parameters (TST, SE and number of

awakenings) with those derived from actigraphy and subjective questionnaires. 100 SDB sub-

jects (69 m, 31 f; age = 49±14.7yrs) were studied. An epoch-by-epoch comparison was

carried out between PSG data and actigraphic data. The subjects were asked to fill out a sub-

jective questionnaire the following morning. The study found that TST and SE did not differ

significantly between PSG and actigraphy+subjective questionnaire. The authors also found

that when a low wake-sensitivity algorithm was used, the number of actigraphic awakenings

detected was not significantly different from those detected by PSG. The algorithm used was
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provided by the analysis software and was calculated as follows:

A = 0.04E−4 + 0.04E−3 + 0.20E−2 + 0.20E−1 + 2E + 0.20E+1 + 0.20E+2 + 0.04E+3 + 0.04E+4

where A is the sum of activity counts for 30s scored epoch and surrounding epochs, E is

the activity counts recorded during scored epoch, En is the activity counts recorded during

each previous or following epochs. If the summed activity counts (A) is greater than a defined

threshold (T ), the epoch is scored as wake, otherwise the epoch is scored as sleep. A variety of

thresholds were used and the results were reported for a high threshold (low wake-sensitivity).

Drinnan et al. [123] determined whether the placement of the actigraph affected its accu-

racy in identifying arousals associated with SDB in 36 subjects. Although the left and right

tibia, left ankle and left wrist were studied, no statistically significant correlation with EEG

arousals were found. Ancoli-Israel et al. [115] noted that there was relatively low severity of

sleep apnoea in this study which may limit the ability to distinguish between groups.

The fundamental assumption of sleep identification as the absence of movement introduces

a significant problem in the detection of quiet wakefulness by actigraphy. A wakefulness

detection specificity of 35-50% is often reported, especially with increased subject wakeful-

ness [120,124] and this affects all derived sleep characteristics. Special care needs to be taken

when using actigraphy for sleep analysis in subjects with limited mobility and serious sleep

disturbances. It should be noted that the results presented here have been obtained using older

generation uni-directional actigraphs and newer devices may allow for the development of

more sensitive algorithms.

3.3.2 OSA Detection

Middlekoop et al. [125] analysed wrist actigraphy of 116 subjects suspected of OSA. Simul-

taneous ambulatory oronasal flow thermistry, non-dominant wrist actigraphy and a sleep log

were recorded. The subjects were divided by their apnoea index (AI): AI<1 44%; AI 1-5 39%;

AI≥5 17%. Higher AI values corresponded with self reported disturbed sleep initiation and

more fragmentation. Across subjects, the duration of immobility periods was the only predic-

tor of the AI. The subjects were classified into those with an AI<1 and ≥5 giving Se (Sp) of

75% (43%) and 5% (100%) respectively.
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Elbaz et al. [126] studied whether adding actigraphy to simplified polygraphy would im-

prove AHI evaluation when compared to simplified polygraphy alone. 20 adults (15 m, 5 f;

age = 52±15yrs; BMI = 28±5kg/m2) with suspected OSA underwent simultaneous full PSG

as well as wearing a wrist actigraph. Three different AHI’s were calculated: AHI-pg (from

PSG), AHI-tib (from simplified polygraphy) and AHI-act (from actigraphy). The actigraph

data were assessed using an algorithm provided by Sleepwatch sleep analysis software for

Windows (Cambridge Neurotechnology Ltd.) where the Actiwatch arousal threshold was set

at an integrated activity count of 40 movements within a 1min epoch. AHI-pg indicated that 12

subjects had OSA (AHI>10), with eight subjects having severe OSA (AHI≥ 30). AHI-act was

more closely correlated with AHI-pg (r = 0.976) than with AHI-tib (r = 0.940). When using

AHI-act and AHI-tib to diagnose severe OSA, Se was 88% (NPV = 92.5%) and 50% (NPV =

75%) respectively. The authors concluded that a system combining simplified polygraphy and

actigraphy could assist in the diagnosis of OSA.

Ayas et al. [127] assessed the accuracy of wrist actigraphy (using a Watch_PAT100) to

diagnose OSA. 30 subjects with and without suspected OSA (age = 47.0±14.8yrs; BMI =

31.0±7.6kg/m2) underwent simultaneous in-lab PSG and actigraphy. The Watch_PAT100

recorded four signals: peripheral arterial tonometry (PAT), SpO2, heart rate, and actigraphy.

The data were analysed using an automated computerised algorithm that calculated the fre-

quency of respiratory events per hour of actigraphy-determined sleep. For an AHI of 10, 15,

20 and 30 the Watch_PAT100 AHI gave a Se (Sp) of 82.6% (71.4%), 93.3% (73.3%), 90.0%

(84.2%) and 83.3% (91.7%) respectively. The authors concluded that the Watch_PAT was able

to detect OSA with reasonable accuracy.

Hedner et al. [128] developed a novel automatic algorithm to detect sleep-wake in sub-

jects with OSA. 228 subjects (163 m, 65 f; age = 48.8±14.0yrs; BMI = 29.4±6.3kg/m2;

RDI = 30.3±23.1events/h) underwent simultaneous PSG and wrist actigraphy. Overall, the

algorithm identified sleep with Se = 89% and Sp = 69%; agreement was 86%, 86%, 84%

and 80% in normal, mild, moderate and severe cases respectively. The authors found that

there was a tight agreement between actigraphy and PSG in determining SE (78.4±9.9% vs.

78.8±13.4%), TST (690 ±152 epochs vs. 690±154 epochs), and sleep latency (56.8±31.4

epochs vs. 43.3±45.4 epochs). The authors concluded that the algorithm could be useful in
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assessing TST for identifying OSA in the home.

Kim et al. [129] compared three algorithms used to detect sleep/wake status on subjects

with OSA. The algorithms evaluated were the Cole, Sadeh and University of California San

Diego (UCSD) algorithms. 101 OSA patients (84 m, 17 f; mean age = 49.4yrs (range 19-

73)) with an AHI≥5 were used in this study. Full PSG and non-dominant wrist actigraphy

data were recorded simultaneously. The authors found that mean TST was not significantly

different from PSG when the UCSD algorithm was used (p = 0.798). The correlation levels

with PSG data were: UCSD, r = 0.498, p < 0.001; Cole, r = 0.389, p < 0.01; Sadeh, r =

0.272, p = 0.057. Actigraphy mean TST underestimated sleep in patients with an AHI≥ 30

but was overestimated in patients with 5 ≤AHI< 15 or 15 ≤AHI< 30. The authors concluded

that none of the algorithms were reliable enough to estimate sleep time in subjects with SDB

or severe OSA.

Littner et al. [130] were tasked with formulating a guide to the appropriate use of actig-

raphy based on the available research. The authors concluded that, although actigraphy may

be a useful extra for portable sleep apnoea testing, the use of actigraphy for SAS detection

on its own had not been established. Sadeh [124, 131] reviewed the role of actigraphy in

sleep medicine, both as a sleep assessment and a diagnostic tool. Overall, Sadeh concluded

that actigraphy is valid and reliable in normal subjects with good sleep patterns. However,

in subjects with sleep disorders or in specific sub-populations, the use of actigraphy is more

questionable. The author raises the important issue of the low specificity of actigraphy in de-

tecting wakefulness within sleep periods as reported by some devices. In terms of SDB and

SAS, the literature suggests that actigraphy is in fact, not reliable in this subject population,

although recent research suggests that actigraphy may assist in diagnosing SDB.

3.3.3 Other Uses

Chin et al. [132] analysed the relationship between severe OSA, metabolic syndrome (Mets)

and short sleep duration. 275 Japanese males (age = 44±8yrs; BMI = 23.9±3.1kg/m2) were

asked to fill in a questionnaire, wear an actigraph for seven days and use a type 3 portable

monitor (Somté, Compumedics, Victoria, Australia) for two nights at home. There was a sig-

nificant relationship between OSA severity and the prevalence of Mets (p < 0.001); however,
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the association was not significant after adjustments were made for age and BMI. Subjects

with severe OSA have significantly shorter sleep duration (p < 0.05); and sleep duration in

Mets subjects was also significantly shorter than in those without (p < 0.05). The conclusion

was that sleep duration should be taken into consideration as an important factor in studies

investigating the prevalence of severe OSA and Mets.

Morgenthaler et al. [133] recommended that actigraphy could be used to estimate TST in

patients with OSA; but only where PSG is not available.

3.4 Pulse Oximetry

Together with ECG, pulse oximetry, derived from the photoplethysmogram (PPG), is the most

widely used technique for at-home sleep monitoring and in simplified PSG systems. The

main use of PPG in sleep studies is the measurement of SpO2, either for sleep apnoea alarm

systems or for OSA detection. Allen [134] identified the applications for PPG in clinical

physiological measurement. The PPG is comprised of a pulsatile wave, which is attributed to

cardiac synchronous changes in the blood volume with each heart beat, with a slowly varying

baseline superimposed on top where various lower frequency components are attributed to

respiration, sympathetic nervous system and thermoregulation. The PPG has been used in

recent years in a wide range of medical devices for measuring SpO2, blood pressure and

cardiac output to mention a few uses.

There is extensive research on the derivation of heart rate (HR) from the PPG. Existing

methods usually compute HR by upsampling the PPG signal and detecting peaks or zero

crossings, sometimes including artefact-rejection algorithms [134]. An open-ended question

is whether the variability of the PPG derived HR (PHR) accurately reflects the heart rate

variability (HRV) as measured using the ECG in sleep studies. Recent research indicates

that PHR variability and HRV indices could be significantly different during OSA [135]. The

authors recorded ECG and PPG simultaneously from 29 healthy subjects and 22 OSA patients.

The HR and PHR were significantly correlated (r > 0.95, p < 0.01). Comparing 2min epochs

demonstrated significant differences (p < 0.01) between normal and OSA events using PHR

variability and HRV measures.

A number of signal processing algorithms have been proposed to estimate the respira-
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tion rate from the PPG. This is possible because respiration causes variation in the periph-

eral circulation, which is reflected in the PPG as a low-frequency component [134]. Flem-

ming & Tarassenko [136] devised a novel way of determining breathing rate using the PPG.

Seven records, comprising of 14×5min sections, of PPG and a synchronous respiratory wave-

form were used. An autoregressive model was developed that achieved a mean error of

0.04breaths/min. However, most existing methods have been validated in healthy popula-

tion, which may preclude their use in SDB patients [134].

Mendez et al. [137] analysed the relationship between PPG, HRV and apnoea. Cardiac

oscillations correlated to decrements in the amplitude of the PPG signal (DAP) were analysed

during normal and apnoeic sleep. 268 ECG excerpts from 12 patients were divided into five

groups depending on SpO2 and respiratory behaviour during DAP events. The results showed

that there is an increase in sympathetic activity during DAP events; and the increase was

greater when DAP events were associated with respiratory or SpO2 variations.

Scully et al. [138] showed that it is possible to record physiological parameters using op-

tical recording from a mobile phone. They analysed the varying colour signals of a fingertip

placed over an optical sensor. Participants were asked to place the palmar side of the left index

finger over the camera lens while the flash was on. Videos of the fingertip were recorded. The

videos were then analysed to determine HR, respiration rate and SpO2. The data recorded

with the phone were compared with standard methods. The mean±σ for the HR derived from

ECG was 92.2±5.3bmp and 92.3±5.9bmp for the HR derived from the phone. Breathing rates

from the respiration trace and the phone were estimated at three metronome rates (0.2, 0.3 and

0.4Hz) as 0.18 and 0.16, 0.30 and 0.32, and 0.40 and 0.38Hz respectively. The SpO2 was com-

puted using the red and blue phone channels and compared to a commercial pulse-oximeter.

The phone SpO2 decreases appeared to correlate with the commercial pulse-oximeter SpO2

decreases.

Bennett & Kinnear [139] identified the role of oximetry in the diagnosis of OSA. The

authors noted that oximetry has been used to diagnose OSA because it is readily available,

relatively inexpensive and can be used in the home thus allowing the subject to experience

a typical night’s sleep. However, it is not possible to distinguish between saturation occur-

ring secondary to obstructive apnoea, central apnoeas, primary pulmonary disease and cardiac
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disease using oximetry. The authors suggested that using a cut-off of ODI> 5 allows for rea-

sonable positive screening when taken with other simple measures. The overall conclusion

was that oximetry is insufficient on its own to diagnose OSA.

3.4.1 ODI Based Methods

One of the most common quantitative indices derived from PPG is the ODI. In order to mirror

the definition of an abnormal AHI, similar cut-off points for an abnormal ODI have been

proposed (either 5, 10, 15, 20 or 30 desaturations per hour). However, there is little evidence of

one definition having greater validity than the others [140]. Chiner et al. [141] used nocturnal

oximetry for the diagnosis of OSA. 275 subjects with suspected OSA underwent simultaneous

PSG and nocturnal oximetry. OSA was identified in 216 subjects (194 m, 22 f). Subjects with

abnormal lung function were removed and for three different ODI levels (≤5, ≤10 and ≤15)

the results were Se = 80%, Sp = 89%, PPV = 97%, NPV = 48%, Ac = 81%; Se = 71%, Sp =

93%, PPV = 97%, NPV = 42%, Ac = 75%; Se = 63%, Sp = 96%, PPV = 99%, NPV = 38%,

Ac = 70% respectively for nocturnal oximetry. The authors conclude that nocturnal oximetry

is useful in subjects with suspected OSA who have normal spirometric values.

Fietze et al. [142] investigated the night-to-night variation in ODI for OSA subjects. 35

patients (32 m, 3 f; age = 58±11yrs; BMI = 26.0±3.0kg/m2) were monitored at home for

seven consecutive nights. The diagnostic accuracy of the system used was compared with the

PSG outcome of 18 patients. For the home recordings the median ODI was 10.9 across all

35 patients. The reliability of the ODI was adequate, however there was a 14.4% probability

of placing the patient in the wrong severity category (ODI≤15 or ODI>15) when a single

recording was taken. The authors found that ODI variability was not significantly influenced

by age, BMI, time spent in the supine position or mild alcohol consumption. The authors

concluded that the ODI could be used as a screening tool based on a single night recording

due to the small variability.

Vásquez et al. [143] automatically analysed oximetry to diagnose OSA. 245 subjects (192

m, 53 f; age = 45±11.3yrs; BMI = 30.8±5.9kg/m2; neck = 40.3±3.7cm) with suspected OSA

underwent PSG and the oximeter signal was analysed off-line. The PSG derived AHI and the

oximeter derived RDI were highly correlated (R = 0.97). Using a cut-off of 15events/h for
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both AHI and RDI, the results achieved were Se = 98% and Sp = 88%. The authors concluded

that off-line automated analysis of the oximetry provides a close estimate of AHI as well as

good diagnostic sensitivity and specificity for OSA.

3.4.2 Other Methods

Al-Angari & Sahakian [144] analysed the PSG data from 50 OSA patients (AHI = 36.86±24.32

events/h) and 50 control subjects (AHI = 1.1±1.48events/h). The thoracic and abdominal

respiratory effort signals, ECG and SpO2 signals were extracted and divided into 1min seg-

ments, or analysed by subject. Respiratory features and SpO2 features were analysed and for

the minute classification, the respiratory features had the highest sensitivity while the SpO2

features gave the highest specificity. When classifying on a subject basis, the SpO2 features

performed as well as the combination of features, Ac = 95%, Se = 100%, Sp = 90.2% and Ac

= 95%, Se = 91.8%, Sp = 98% respectively.

Álvarez et al. [145] analysed the SpO2 from nocturnal pulse oximetry to diagnose OSA.

148 subjects with suspected OSA (115 m, 33 f; age = 52.9±14.1yrs; BMI = 29.8±5.6kg/m2)

underwent full PSG and each 30s epoch was scored according to the R&K rules. 100 subjects

were diagnosed with OSA (84 m, 16 f; age = 55.2±14.6yrs; BMI = 30.8±5.0kg/m2; AHI =

40.9±27.6events/h), i.e. they had an AHI≥10, while 48 did not have OSA (32 m, 16 f; age

= 48.3±11.8yrs; BMI = 27.3±6.3kg/m2; AHI = 4.1±2.4events/h). 16 features from the time

and frequency domain were computed including the first-fourth-order statistical moments in

the time domain (M1t:M4t), first-fourth-order statistical moments in the frequency domain

(M1 f :M4 f ), median frequency, spectral entropy, total spectral power (PT ), local maximum

of the apnoea frequency range (0.014-0.033Hz) (PA), relative power in the apnoea frequency

band (PR), sample entropy , central tendency measure (CT M) and Lempel-Ziv complexity

(LZC). Feature selection was carried out using step-forward logistic regression with leave-

one-out cross-validation. The optimal feature set (M2t, M4t, PR and LZC) achieved Se =

92%, Sp = 85.4% and Ac = 89.7%.

Hornero et al. [146] applied approximate entropy (HA) to the SpO2 signals from overnight

pulse oximetry in order to determine whether it could be used to diagnose OSA. 187 subjects

were analysed (111 OSA, 76 non-OSA). A training set of 44 OSA and 30 non-OSA sub-
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jects (56 m, 18 f; age = 58.25±12.14yrs; BMI = 29.62±5.71kg/m2) was used for algorithm

development and optimal threshold selection. The data were sampled at 0.2Hz and divided

into epochs of 200 samples (1000s). HA was applied with a number of values for the pa-

rameters m and r. A validation set of 67 OSA and 46 non-OSA subjects (91 m, 22 f; age =

57.91±13.39yrs; BMI = 29.49±5.41kg/m2) obtained Se = 82.09% and Sp = 86.96% using

m = 1, r = 0.25.

Morillo et al. [147] analysed the SpO2 using Poincaré plots to diagnose OSA. Poincaré

plots are a geometrical representation of a time series into a Cartesian plane where the values

of each pair of successive elements of the time series define a point in the plot. SpO2 signals

from 117 subjects (54 subjects with AHI≥ 15) were analysed; dividing into train data set of 70

subjects (54 m, 16 f; age = 59.1±9.8yrs; BMI = 30.5±6.4kg/m2; 32 OSA, 38 non-OSA) and

a validation data set of 47 subjects (35 m, 12 f; age = 58.1 ±12.5yrs; BMI = 32.2±7.4kg/m2;

22 OSA, 25 non-OSA). The Poincaré plots were generated using the SpO2 signals, which

were recorded at 8Hz but filtered using a 30th order FIR filter. The train data set was used

to tune thresholds of the Poincaré descriptors which were the standard deviation around the

Y-axis (σ1) (indicating the level of short-term variability of the SpO2 signal), the standard

deviation around the X-axis (σ2) (related to the long-term variability of the SpO2 signal). σ1

and σ2 allow an ellipse to be fitted to the Poincaré cloud and thus the area to be calculated

(A = 2π × σ1 × σ2). On the validation set, the results were Se = 90.0%, Sp = 84%; indicating

that Poincaré analysis could be useful in screening for OSA.

Sepúlveda-Cano et al. [148] used PPG envelope-based dynamic features for detecting OSA

in children. 21 PSG recordings of children (age = 4.5±2yrs) with suspected SDB were anal-

ysed. A time-evolving version of the standard liner multivariate decomposition was used to

perform stochastic dimensionality reduction. Using a subset of cepstral-based dynamic fea-

tures it was possible to classify patients with Ac = 83.3%.

Gil et al. [149] automatically detected sleep apnoea in children using decreases in PPG

amplitude fluctuations. 25 children (16 m, 9 f; age = 4.56±1.79yrs) with suspected OSA

underwent full PSG. A detector was developed which preprocessed the PPG using a moving

average filter. An envelope detector was used (RMS detector and Hilbert transform detector)

to get an adequate signal for comparison with a threshold. A decision was made using an
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adaptive threshold, where an event was classed as apnoeic when the envelope is lower than

the established threshold. Sensitivity and PPV were 76% and 73% respectively, while the

PPG attenuation events per hour ratio Eh classified children as normal (13.5±6.35events/h)

or pathologic (21.1±8.93events/h) with p < 0.05. In another work, Gil et al. [150] analysed

HRV during DAP events for OSA. PSG recordings from 21 children (10 OSA, 11 normal; age

= 4.47±2.04yrs) were analysed, although only 15 were used in the final analysis (8 OSA, 7

normal). DAP events were classified as apnoeic or non-apnoeic and the ratio of DAP events

per hour to the ratio of apnoeic DAP events per hour was calculated. Using this ratio to classify

subjects achieved Ac = 80%, Se = 87.5% and Sp = 71.4%. Using the same subject population,

Gil et al. [151] then analysed the pulse transit time variability (PTTV) during DAP events. The

authors found that PTTV reflects sympathetic changes more clearly than HRV. DAP events

were classified as apnoeic or non-apnoeic from the PTTV indices. The ratio of DAP events

per hour, the ratio after filtering based on HRV indices and the ratio after filtering based on

PTTV indices were computed. The highest accuracy was obtained using DAP events filtered

using PTTV indices (Ac = 75%, Se = 81.8%, Sp = 73.9%) when classifying 1h PSG excerpts

as OSA or normal.

Monasterio et al. [152] used features from ECG, impedance pneumogram and PPG to re-

duce the false alarm rate for neonatal apnoeas. A total of 1616 desaturations from 27 neonates

were annotated. Features related to SpO2, HR, respiratory rate and signal quality were com-

puted every 5s for the 300s interval before each desaturation. Feature selection occurred using

maximum relevance minimum redundancy and the best classification performance on the test

set was Se = 86%, Sp = 91% and Ac = 90%.

3.5 Summary

Table 3.3 summarises key previous studies which detected OSA using audio, actigraphy or

PPG. It is clear that using audio to detect OSA can achieve 90% accuracy at most, with a

wide range of sensitivities and specificities. Actigraphy can detect OSA with 93% sensitivity,

however, in some instances there is a compromise between sensitivity and specificity, i.e. one

is very high while the other is very low. This is common in the literature. PPG can detect OSA

with up to 95% accuracy. Unlike actigraphy, there is no discrepancy between sensitivity and
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specificity. It should be noted that none of the studies referenced in this chapter have more

than 300 subjects in them. In many cases, there are less than 100 subjects.

4The accuracy of the Hawke Index can be calculated from the statistics given: Ac =

(S e)(prevalence) + (S p)(1 − prevalence) where the prevalence is the number of people in the pop-
ulation with the disease divided by the total population, in this case 9

9+18 , so the accuracy is 89%.
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Chapter 4

Classic audio analysis techniques

4.1 Introduction

As a baseline approach, existing algorithms reported in the literature were implemented and

tested on the data collected for this thesis. Most methods are derived from the field of speech

analysis, and it is possible to use them because of the similarities between speech and snoring.

Speech is produced when the vocal tract acts as an acoustic filter on air forced from the lungs,

with the vocal tract changing shape depending which sound is to be produced. Snoring is

caused by changes in the configuration and properties of the UA; the UA essentially acts as

an acoustic filter in the same way that the vocal tract does in speech production. Abeyratne

et al. [104] explained snoring in terms of a source/vibration model whereas speech follows a

source/vocal-tract model. Many studies have shown that it is possible to use speech analysis

techniques to diagnose snoring in terms of OSA or non-OSA (see section 3.2). This section

focuses on classifying sounds as the first breath after an apnoea or noise/snore. Classifying the

sounds in this way corresponds to what has been done in the literature, where benign/simple

snores and apnoeic snores are the two classes used. By including noise in the benign snores

class, the classification problem becomes more realistic, while allowing for an event detector

to be built where the two classes are parametrised by the features described in this chapter.
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Figure 4.1: Grey Flash device for home use. Adapted from www.stowood.co.uk/page24.html.

4.2 Data

The data used in this study were provided by collaborators at the Respiratory Medicine Group

at the Churchill Hospital (Oxford, UK)1. Each subject used a portable home sleep study de-

vice, Grey Flash (Stowood Scientific Instruments Ltd., Oxford, UK.), shown in Figure 4.1

(115 × 80 × 25mm, 220g including batteries), which recorded a finger photoplethysmogram

from which oxygen saturation and pulse rate were derived, nasal airflow and nasal sound from

a nasal cannula, body movement and body position from an accelerometer and audio from a

microphone placed on the nasal cannula. It should be noted that the subject was in charge

of connecting themselves to the device, and that each device was calibrated to have approxi-

mately constant gain for the audio signal.

The data were saved to a memory card at a variety of sampling frequencies (Table 4.1).

The subject returned the device to the hospital where the data were downloaded by the nursing

staff using the Visi-Download software (Stowood Scientific Instruments Ltd., Oxford, UK) and

then interpreted by trained medical staff.

The data were collected retrospectively through the sleep clinic at the Churchill Hospi-

tal. Each subject experienced normal clinical practice, without any additions/changes for this

study. In a three year period, 1354 subject records were collected through the sleep clinic. The

1This study was approved by the NHS HRC National Research Ethics Service (NRES) South West
REC Centre, Bristol, UK (REC reference SW/12/0211)
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Table 4.1: Channels recorded by the Grey Flash device.

Parameter Description Sampling Frequency
Saturation Blood oxygen saturation 4Hz

Pulse Heart/pulse rate 4Hz
Pleth Volume of the lungs 32Hz

Airflow Pressure 32Hz
Body Movement Correlated to Body Position 4Hz

Body Position Supine, prone, left, right 4Hz
CPAP Current level of CPAP 4Hz
Sound Audio 16Hz
Battery Battery power 4Hz

clinic does not focus solely on OSA but diagnoses a wide range of sleep disorders. As such,

only those who were diagnosed as normal, snorers or mild/moderate/severe OSA were used

in the analysis, i.e. only those diagnoses relevant to this study. All other diagnoses were ex-

cluded, bringing the total population from 1354 to 1014. Diagnoses that were excluded were:

study failed/too short and needs repeating (n = 204), hypoventilation (obesity, central, REM,

nocturnal) (n = 55), CSA (n = 21), COPD (n = 15), CPAP check up (n = 14), ventilatory

failure (n = 6), poorly controlled asthma (n = 4), lung disease (n = 3), lung cancer (n = 2),

narcolepsy (n = 2), hypoxia (n = 2), PLMS (n = 2), heart failure (n = 2), UARS (n = 2), idio-

pathic essential hypertension (n = 1), TB (n = 1), myotonic dystrophy (n = 1), polyethaemia

(n = 1), catathrenia (n = 1), tachypnoea (n = 1).

Subjects that had duplicate recordings only had one included. The duplicates occurred

either because there was a problem on the first night and nothing/only a few minutes were

recorded, or the subject had a second recording taken because they were diagnosed with OSA

initially and they were having a check-up (to see how well CPAP was controlling the condition

or to see how much worse the condition had gotten and whether it was time to trial CPAP).

In the first instance, the second recording was used, while in the second instance the first

recording was used, dropping the population down further to 920 subjects. At this point,

those subjects who had short recordings (less than 4.5h) and those who were missing relevant

signals were excluded. This brought the population down to 858 subjects, which was the final

subject set used in this work. There was no selection bias in the choice of these 858 subjects;

all records that met the criteria were included in the analysis. The subject demographics for

each of the groups can be found in Table 4.2. Height is the only demographic that is not

significantly different between the five sub-groups (p < 0.001). See Appendix D for more
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Table 4.2: Subject demographics for each sub-group: normal, snorer, mild OSA, moderate OSA and
severe OSA (mean±σ). neck = neck circumference, m = male, f = female.

Group Normal Snorer Mild Moderate Severe
Gender 80 m, 75 f 166 m, 91 f 79 m, 28 f 94 m, 30 f 167 m, 48 f

Age (yrs) 45.9 ± 17.1 46.5 ± 12.0 50.5 ± 11.4 53.1 ± 12.4 52.5 ± 12.6
Neck (cm) 39.4 ± 4.6 41.4 ± 4.3 41.9 ± 4.1 42.9 ± 3.8 45.0 ± 4.8

Height (cm) 171.2 ± 10.7 173.5 ± 10.4 174.2 ± 9.9 173.0 ± 9.7 175.0 ± 9.1
Weight (kg) 77.7 ± 23.0 96.0 ± 24.2 212.0 ± 48.8 221.2 ± 49.5 247.3 ± 74.4

AHI (events/h) 4.4 ± 7.5 6.4 ± 7.4 10.6 ± 9.0 21.5 ± 11.6 47.5 ± 24.5
ODI (events/h) 3.7 ± 3.5 6.0 ± 5.2 10.3 ± 7.0 22.0 ± 11.6 56.8 ± 32.4
BMI (kg/m2) 29.6 ± 7.9 32.0 ± 8.4 31.9 ± 7.9 33.8 ± 8.5 36.9 ± 11.2

ESS 11.0 ± 5.6 12.0 ± 5.2 12.2 ± 4.7 12.7 ± 4.7 14.1 ± 5.3

details.

The AHI values in Table 4.2, and throughout the rest of the thesis, were generated auto-

matically by the Visi-Download software. The exact method of calculation is proprietary but

it is based on airflow from the nasal cannula and oxygen saturation from the pulse oximeter.

Airflow is used to detect apnoeas and hypopnoeas, and cross-checked with SpO2 dips to ensure

that the events are real. Body position is then used to determine the percentage of time that

apnoeas/hypopnoeas occur in different positions (prone, supine, right, left, sitting up) [153].

As it is not possible to record airflow on a phone overnight, the AHI is not used as a feature

in the remainder of this thesis. The ODI value is also generated by the software, however it is

re-derived in Chapter 7.

4.2.1 Annotation and Segmentation

Twenty-two subjects had specific events identified and labelled using the Visi-Download soft-

ware; their demographics can be found in Table 4.3 and a detailed breakdown of each indi-

vidual’s demographics and number of events can be found in Table 4.4. These subjects were

chosen because they were the first subjects that were collected that met the selection criteria,

i.e. were diagnosed as normal, snorer, mild/moderate/severe OSA and were longer than 4.5 h

with all signals present. The labelling of events followed a protocol which involved dragging

an event marker across the relevant section of data. The marker appeared on all data channels

(Figure 4.2). Each event was labelled as in Table 4.5 and although five categories of sound

were annotated, only three were deemed relevant for this section of work: first breath after ap-

noea (or choke), snoring, and noise events. This process resulted in ASCII ‘workpad’ (.WP)
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Table 4.3: Demographics of annotated subjects (mean±σ), m=male, f=female.

Parameter Subjects (mean ± σ)
Gender m: 17, f: 5

Age (yrs) 48.9 ± 15.3
Neck (cm) 45.7 ± 3.8

Height (cm) 177.3 ± 10.7
Weight (kg) 107.4 ± 24.4
BMI (kg/m2) 34.3 ± 8.9

ESS 11.7 ± 5.3

Table 4.4: Detailed demographics of the annotated subjects, m=male, f=female, # n = number of noise
events, # s = number of snoring events, # c = number of choke events.

Subject Gender Age Neck Height Weight AHI ODI BMI ESS # n # s # c
yrs cm cm kg kg/m2

1 f 45.0 45.0 154.9 132.9 4.5 8.1 55.4 - 11 15 0
2 m 49.0 39.4 193.0 97.5 0.2 1.3 26.2 19.0 10 10 0
3 m 46.0 48.3 177.8 132.0 84.2 109.8 41.8 15.0 10 0 15
4 m 74.0 49.5 177.8 107.0 1.3 1.4 33.8 10.0 10 10 0
5 f 56.0 - - - 6.8 11.8 - 6.0 11 10 0
6 f 62.0 43.2 167.6 106.6 86.3 85.3 37.9 21.0 10 10 15
7 m 49.0 41.9 172.7 104.8 5.9 7.5 35.1 8.0 10 13 0
8 m 21.0 43.2 - - 2.6 6.4 - 3.0 6 10 2
9 m 70.0 55.9 - 108.0 34.3 28.9 - 15.0 10 10 14

10 m 53.0 45.7 182.9 112.0 42.6 36.0 33.5 - 11 10 15
11 m 50.0 43.2 170.2 93.4 25.3 19.4 32.3 13.0 10 7 11
12 f 34.0 - 180.3 59.4 3.5 5.4 18.3 7.0 10 10 0
13 m 38.0 47.0 198.1 139.7 8.9 7.4 35.6 7.0 9 10 4
14 m 38.0 49.5 185.4 152.4 69.0 97.9 44.3 16.0 10 10 18
15 m 33.0 43.4 167.6 69.9 39.9 26.4 24.8 18.0 10 10 10
16 m 74.0 43.2 - 96.6 39.9 42.0 - 9.0 7 4 7
17 m 34.0 47.0 182.9 88.0 6.2 1.1 26.3 14.0 7 10 2
18 m 35.0 44.5 - - 2.2 5.9 - 12.0 4 12 1
19 m 31.0 49.5 182.9 138.8 85.6 91.1 41.5 10.0 4 9 22
20 m 69.0 43.2 172.7 88.9 83.2 69.5 29.8 16.0 4 5 21
21 f 50.0 41.9 167.6 88.9 29.3 36.4 31.6 3.0 9 10 2
22 m 66.0 50.8 - 123.8 50.1 57.0 - - 7 6 16

files being produced, where a start time, duration and label associated with each event were

saved. The protocol used can be found in Appendix E. The annotations were carried out by a

clinical research fellow, with two years of experience in sleep medicine. Only 22 records were

annotated due to the time constraints, i.e. to annotate a single record took at least one hour. In

addition, the annotator moved away and, although multiple attempts were made to find other

annotators, none were found.

A total of 175 choke events, 190 noise events and 201 snoring events were annotated. A

histogram of events’ duration can be found in Figure 4.3.
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(a) Snore histogram

(b) Noise histogram

(c) Choke histogram

Figure 4.3: Histogram of events’ duration.
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Table 4.5: Labelling Protocol, A = apnoea, F = first breath following an apnoea, S = snoring, N =

noise, B = breathing, U = uncertain, C = crescendo, S = simple, V = voice, T = t.v., R = radio, L =

light, H = heavy.

Event Label (first letter) Optional sub-label
Apnoea A U

First breath after apnoea F U
Snoring S U, C, S

Noise N U, V, T, R
Breathing B U, L, H

4.3 Methods

The following methods were used in the analysis of the events from the 22 subjects. Linear

predictive coding coefficients and mel-frequency cepstral coefficients were used as features,

while a support vector machine and linear discriminant analysis were used to classify the

features as associated with OSA (choke) or not (noise or snore).

4.3.1 Linear Predictive Coding

Linear predictive coding (LPC) is a commonly used speech analysis technique as it provides

an accurate representation of speech, particularly at low bit rates [154]. LPC has been used in

speech analysis since the late 1960s. In 1966, Saito & Itakura [155] developed a method to dis-

criminate between different phonemes (the elements of speech) which made use of maximum-

likelihood. A proposal was made to encode speech in real-time by Atal & Hanauer [81].

Linear prediction is based on the source-filter model of speech. The sampled speech signal

can be modelled as the output of a linear, slowly time-varying system excited by either quasi-

periodic impulses (voiced speech), or random noise (unvoiced speech) [154]. The excitation

of the vocal tract gives rise to the different sounds and so the shape of the vocal tract is key.

The simplest model of the vocal tract is to approximate it as a cylinder; a more complicated

view sees the vocal tract as the concatenation of lossless tubes of uniform length. The shorter

the length of the tubes, the closer the approximation is to the actual shape of the vocal tract.

As the shape of the vocal tract changes throughout time so too will the diameters of the tubes.

At each of the interfaces to this model, the input signal is delayed and attenuated due to

partial reflection of the sound wave. Therefore, the output may be approximated as the linear

combination of the previous reflected outputs. Linear prediction can estimate the coefficients
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of this sum, using filter theory. The bilateral z-transform X(z) of a discrete-time signal x(n) is

given by:

X(z) =

∞∑
n=−∞

x(n)z−n

where z is a complex variable and n is the sample number. Using this definition, the transfer

function of a linear filter in the z domain is defined as:

H(z) = Y(z)/X(z)

where Y(z) is the z-transform of the filter output signal y(n), and X(z) is the z-transform of the

filter input signal x(n).

For the vocal tract, the filter is time-varying, causing the transfer function to change at

each discrete time-step. However, for a linear system the transfer function may be represented

by its poles and zeros, because, for a linear filter the transfer function can be rewritten as

H(z) = a(z)/b(z), where a and b are both polynomials. For voiced sounds, the transfer function

has no zeros; for unvoiced sounds, the zeros all lie inside the unit circle and so the zeros can

be approximated by multiple poles. Therefore the vocal tract can be represented by an all-pole

filter with a transfer function of the form:

H(z) =
G

1 +

p∑
k=1

akz−k

. (4.1)

The ak’s and G are constants, while p corresponds to the number of tubes used to approximate

the vocal tract.

Linear prediction allows the values of some discrete-time signal to be written in terms of

a linear combination of previous values of the signal [154]. Given a signal s with nth element

s(n), a pth order linear predictor is a system whose output is:

s̃(n) =

p∑
k=1

aks(n − k). (4.2)

The coefficients ak are chosen so that the prediction 4.2 is close to the actual value of the

signal.
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The vocal tract is being modelled as an all-pole linear filter with transfer function H given

by 4.1. For p approximating tubes, the speech samples s(n) are related to the normalised

excitation u(n) by the equation:

s(n) =

p∑
k=1

aks(n − k) + Gu(n)

where u(n) is the nth sample of the normalised excitation signal, and G is the gain of the signal.

The prediction error, the amount by which s̃(n) fails to exactly predict sample s(n), is:

e(n) = s(n) − s̃(n) = s(n) −
p∑

k=1

aks(n − k). (4.3)

From the definitions 4.2 and 4.3, the prediction error e(n) is equal to the scaled normalised

excitation Gu(n). The coefficients of the linear predictor are chosen so that they minimise the

mean-squared prediction error:

En =
∑

m

e2
n(m) (4.4)

where en(m) is shorthand for e(n + m) and m is a neighbourhood around the analysis sample n

for {−M1 ≤ m ≤ M2}. Using 4.3, rewrite 4.4 as:

En =

M2∑
m=−M1

sn(m) −
p∑

k=1

aks(m − k)

2

.

Find the values of ak that minimises En by setting each of the partial derivatives with respect

to each ak to zero. Using the chain rule:

δEn

δai
= −

M2∑
m=−M1

2

sn(m) −
p∑

k=1

aks(m − k)

 sn(m − i), {1 ≤ i ≤ p}. (4.5)

Setting 4.5 equal to zero gives a formula for the optimal predictor coefficients âk:

M2∑
m=−M1

sn(m − i)sn(m) =

p∑
k=1

âk

M2∑
m=−M1

sn(m − i)sn(m − k), {i = 1, . . . , p}. (4.6)

This is a system of p equations, solvable for p unknowns. Defining the short-term covariance
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of sn(m) as:

ϕn(i, k) =

M2∑
m=−M1

sn(m − i)sn(m − k),

then 4.6 can be rewritten as:

ϕn(i, 0) =

p∑
k=1

âkϕn(i, k). (4.7)

Given a speech sample s(n), calculate each of the quantities ϕn(i, k) for {1 ≤ i ≤ p} and

{0 ≤ k ≤ p}. The method of choosing the range of m plays a key role in these calculations

and in the solving of the equations; two possible methods are the covariance method and the

autocorrelation method. For the work in this report, the latter method was used as it is less

computationally intensive.

4.3.1.1 The Autocorrelation Method

The autocorrelation method enforces the condition that the segment sn(m) is equal to zero

outside some interval {0 ≤ m ≤ N − 1}. The condition can be enforced by multiplying the

speech signal by some window function, w(m), which is zero outside this interval:

sn(m) =


s(m + n)w(m), 0 ≤ m ≤ N − 1

0, otherwise

Given this weighted signal, the mean-squared error can be formally defined as:

En =

N−1+p∑
m=0

e2
n(m). With the range of m thus defined, the short-term covariance can be rewritten

as:

ϕn(i, k) =

N−1−(i−k)∑
m=0

sn(m)sn(m + i − k), {1 ≤ i ≤ p}, {0 ≤ k ≤ p}.

This is now a function of the single variable i − k, which is referred to as the short-term

autocorrelation, rn(i − k). Given this new notation, the LPC equations 4.7 can be written in a

form known as the Yule-Walker equations [154]:

p∑
k=1

rn(|i − k|)âk = rn(i), {1 ≤ i ≤ p}.
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These equations can be written in matrix form as follows:



rn(0) rn(1) rn(2) · · · rn(p − 1)

rn(1) rn(0) rn(1) · · · rn(p − 2)

rn(2) rn(1) rn(0) · · · rn(p − 3)
...

...
...

. . .
...

rn(p − 1) rn(p − 2) rn(p − 3) · · · rn(0)





â1

â2

â3

...

âp


=



rn(1)

rn(2)

rn(3)
...

rn(p)


This is a Toeplitz matrix, which means that it is symmetric and all diagonal entries are equal.

The column vector on the right-hand side contains entries which appear in the matrix. There-

fore, the Durbin algorithm can be used to speed up the computational time for estimating the

mean squared error as follows:

E(0) = r(0)

ki = {r(i) −
i−1∑
j=1

α(i−1)
j r(|i − j|)}/E(i−1)

α(i)
i = ki

α(i)
j = α(i−1)

j − kiα
(i−1)
i− j

E(i) = (1 − k2
i )E(i−1)

This process is iterated for values of i in the range {1 ≤ i ≤ p}. The LPC coefficients are then

given by am = α
(p)
m .

4.3.2 Cepstral Analysis

In 1963 Bogert et al. [156] defined the cepstrum as the inverse Fourier transform of the log

magnitude spectrum of a signal. Cepstral analysis makes use of the source-filter model of

speech production. It is widely used in speech processing, particularly for pitch estimation

[154].

For the source-filter model of speech production the output signal s is expressed in terms

of a convolution of a rapidly-varying excitation e and a slowly-varying filter h:

s(n) = e(n) ∗ h(n). (4.8)
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For the LPC analysis, the z-transform of this equation was computed and the transfer function

of the filter was assumed to be of a certain type, corresponding to an all-pole model of the vocal

tract. For the cepstral analysis the Fourier transform is computed instead. The discrete-time

Fourier transform (DTFT) of a signal x(n) of finite length L is:

X(eiω) =

L−1∑
n=0

x(n)e−iωn.

The discrete Fourier transform (DFT) provides a discrete sampling of this transform and is

given by:

X(k) =

L−1∑
n=0

x(n)e−
2πi
L kn, {k = 0, 1, . . . , L − 1}.

As with the z-transform, the Fourier transform of a convolution of two signals is equal to

the product of the Fourier transforms of the individual signals. Therefore, taking the DTFT of

4.8 gives:

S (eiω) = E(eiω)H(eiω) (4.9)

in the frequency domain. The aim is to deconvolve the signal so as to obtain representations

of the transfer function and excitation. One method is to take the absolute value of 4.9 and

then take the logarithm, giving:

log|S (eiω)| = log|E(eiω)| + log|H(eiω)|.

The complex cepstrum ŝ of a sequence s(n) of finite length is defined as the Fourier trans-

form of its log spectrum:

ŝ(n) =

∫ π

−π

log|S (eiω)|e−iωndω.

This is the definition given by Bogert et al. [156]. In other texts, the cepstrum is defined as the

inverse Fourier transform of the log magnitude spectrum of a signal, S (ω).

Since the index n represents the time at which a sample is taken, it is clear that the unit of

the cepstrum is time not frequency and is referred to as the quefrency. When the cepstrum of

a signal is calculated, the Fourier analysis is carried out on the log spectrum itself. Therefore

the cepstrum looks for periodicity in the spectrum, providing information regarding the rate

of change in different frequency bands.
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4.3.2.1 Mel-Frequency Cepstral Coefficients

Weighted cepstrum distance measures have a direct equivalent interpretation in terms of dis-

tance in the frequency domain. This is important in models for human perception of sound

which are based on frequency analysis carried out in the inner ear [154]. Davis & Mermel-

stein [97] used this fact as the basis of the mel-frequency cepstrum coefficients (MFCCs). The

idea behind MFCCs is to compute a frequency analysis based on a filter bank with approxi-

mately critical band spacing of the filters and bandwidths. The frequency bands are equally

spaced on the mel scale, which approximates the human auditory system’s response better

than the normal cepstrum. Generally, a short-time Fourier analysis is carried out first result-

ing in a DFT Xn̂[k] for time n̂. These DFT values are then grouped together in critical bands

and weighted by a triangular weighting function. The mel-frequency spectrum at time n̂ for

r = 1, 2, . . . ,R is

MFn̂[r] =
1
Ar

Ur∑
k=Lr

|Vr[k]Xn̂[k]|2

where Vr[k] is the triangular weighting function for the rth filter ranging from DFT index Lr to

Ur, where

Ar =

Ur∑
k=Lr

|Vr[k]|2

is a normalising factor for the rth mel-filter. This normalisation is built into the weighting

functions so that a perfectly flat input Fourier spectrum will produce a flat mel-spectrum. For

each frame, a discrete cosine transform of the log of the magnitude of the filter outputs is

computed to form the function m f ccn̂[m]:

m f ccn̂[m] =
1
R

R∑
r=1

log(MFN̂[r])cos[
2π
R

(r +
1
2

)m].

Usually, m f ccn̂[m] is evaluated for a number of coefficients, Nm f cc, that is less than the number

of mel-filters.

4.3.3 Classification

Two classifiers were used to classify the data: a simple linear classifier and a support vector

machine (SVM). These methods were chosen as standard linear and non-linear benchmark
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classifiers.

4.3.3.1 Linear Discriminant Analysis

Linear discriminant analysis (LDA) is a well-known scheme that draws a linear boundary be-

tween the values of the feature set, and has been used in a variety of applications such as im-

age retrieval and face recognition. Classical LDA projects the data onto a lower-dimensional

vector space such that the ratio of the between-class distance to the within-class distance is

maximised, thus achieving maximum discrimination. The optimal projection can be computed

by applying the eigen-decomposition on the covariance matrices [157].

If there are g groups, Bayes’ Rule minimises the total error of classification by assigning

the object to group i which has the highest condition probability where P(i|x) > P( j|x),∀ j , i.

Since it is not possible to get P(i|x) we obtain P(x|i) and then use Bayes’ Theorem:

P(i|x) =
P(x|i).P(i)∑
∀ j

P(x| j).P( j)
.

Therefore, Bayes’ Rule becomes: assign the object to group i if

P(x|i).P(i)∑
∀k

P(x|k).P(k)
>

P(x| j).P( j)∑
∀k

P(x|k).P(k)
,∀ j , i.

The denominators are positive and the same, therefore they can be cancelled out to become:

P(x|i).P(i) > P(x| j).P( j),∀ j , i.

Assume the data comes from a multivariate normal distribution whose formula is:

P(x|i) = (
1

(2π)
π
2 |Ci|

1
2

)exp(−
1
2

(x − µi)TC−1
i (x − µi))

where µi is the vector mean and Ci is the covariance matrix of group i. Inputting the distribu-

tion formula into Bayes’ Rule, cancelling factors of (2π)
π
2 , taking the logarithm of both sides
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and multiplying by -2 gives:

ln(|Ci|) − 2ln(P(i)) − (x − µi)TC−1
i (x − µi) < ln(|C j|) − 2ln(P( j)) − (x − µ j)TC−1

j (x − µ j),∀i , j.

Assuming all covariance matrices are equal, C = Ci = C j, allows for further simplification.

Writing (x−µi)TC−1
i (x−µi) as xC−1xT−2µiC−1xT +µiC−1µT

i means that terms can be cancelled,

and multiplying both sides of the inequality by −1
2 gives rise to:

fi =
1
2
µiC−1xT

k −
1
2
µiC−1xT

i + ln(P(i)).

Therefore, assign object with measurement x to group i if:

fi > f j,∀i , j.

4.3.3.2 Support Vector Machines

Support vector machines (SVMs) are a machine learning technique, originally introduced by

Vapnik and co-workers in the 1990s [158]. When used for classification they separate a given

set of binary labelled training data with a hyper-plane that is maximally distant from them.

If no linear separation is possible, SVMs work in combination with the technique of kernels

and automatically realise a non-linear mapping to a feature space. The hyper-plane found

by the SVM in the feature space corresponds to a non-linear decision boundary in the input

space [159].

The soft-margin SVM algorithm is one way to train a linear separation boundary. Ideally,

if the data is linearly separable, the linear boundary which has maximal distance to the nearest

training points is determined. Mathematically, calculate w, a weighting vector of coefficients,

and b, a bias term, such that the following two equations hold:

w · xi − b ≥ 1 , yi = 1

w · xi − b ≤ −1 , yi = −1

These two equations are combined to form a simplified representation of the SVM’s ideal
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Figure 4.4: Demonstration of a linear separation boundary and the maximum margin associated with
it. Black circles are the positive class, y = 1, white circles are the negative class, y = −1. Circles
on the dashed lines with an outline or thicker border are the support vectors. Taken from http:
//en.wikipedia.org/wiki/File:SVM_max_sep_hyperplane_with_margin.png

output:

yi(w · xi − b) ≥ 1 (4.10)

where w is defined as:

w =

n∑
i=1

αiyixi

As stated earlier, it is desirable to maximise the separation boundary, or minimise ‖w‖

subject to the specified constraint 4.10. This is shown graphically in Figure 4.4.

Since solving for the minimum of ‖w‖ is computationally intensive, it is replaced by solv-

ing for the minimum of 1
2 ‖w‖

2. This is mathematically equivalent, as both representations

have the same minimum w. This is now a quadratic optimisation problem subject to the con-

straint shown in 4.10, which can be solved using the method of Lagrange multipliers. In the

optimisation of SVM boundaries the only data dependency is on dot products between the

support vectors, which is highlighted below. If α represents a vector of coefficients, then the
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Lagrange function can be defined as:

L(w, b, αi) =
1
2

wT w −
∑

i

αi

[
yi

(
wT xi + b

)
− 1

]
(4.11)

where only αi ≥ 0 represent the indetermined coefficients. If w and b take the optimal value,

then the partial derivative of this equation can be set equal to 0 and solved. This results in:

w =
∑

i

αiyixi∑
i

αiyi = 0
(4.12)

Note that αi is non-zero only for data points satisfying yi(w · xi−b)−1 = 1, or more intuitively,

only the data points on the maximum margin boundary are present in the solution w. These

are the support vectors referred to in Figure 4.4.

Substituting 4.12 into 4.11 and solving gives:

L(w, b, αi) = −
1
2

∑
i

∑
j

αiα jyiy jxT
i x j +

∑
i

αi. (4.13)

In 4.13, it is desirable to maximise L, which is a quadratic programming problem. Formally,

it involves maximising 4.14 subject to the constraint in 4.15:

max(−
1
2

∑
i

∑
j

αiα jyiy jxT
i x j +

∑
i

αi) (4.14)∑
i

αiyi = 0, αi ≥ 0 (4.15)

In 4.14, it can be seen that the maximisation is only dependent on the inner product of the data

vectors. This is what allows for the extension of SVMs to incorporate non-linear boundaries.

This is the general method used by SVMs to train a linear separation boundary if the data

is completely linearly separable. All types of SVMs are solved through the use of Lagrange

multipliers and quadratic programming solutions. In order to develop non-linear separation

boundaries, the data are transformed into a higher dimensional space through a mapping func-

tion, φ(x). A linear separation boundary is then trained in this higher dimensional space using

the methods presented earlier. The input is then mapped back to the original feature space,
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resulting in a non-linear separation boundary.

Recall that in 4.14, the only input data dependency was on
∑

i
∑

j xT
i x j, or more compactly

the inner product of the two vectors, xi · x j. When transforming the data into a higher dimen-

sional feature space, this inner product becomes φ(xi) ·φ(xi). Though this is a computationally

costly operation, it can be performed in the original feature space by use of a certain type of

function. These functions, which represent a dot product of vectors in the high dimensional

space using the vectors in the input space, are known as kernels. The Kernel Trick involves

using kernels to transform computationally expensive high dimensional inner product calcu-

lations to easier operations.

A kernel is defined as a symmetric positive definite function K such that, for all x, x′ ∈ X:

K(x, x′) =< φ(x) · φ(x′) > .

Similarly, the Kernel matrix (or Gram matrix) is defined as:

K =

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
φ(x1)φ(x′1) · · · φ(x1)φ(x′N)

...
...

φ(xN)φ(x′1) · · · φ(xN)φ(x′N)

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
A wide variety of kernels that can be used by SVMs exist and the one that is used is

dictated by the problem analysed. The most common kernels are:

K(x, x′) = x · x′ (4.16)

K(x, x′) = (γx · x′ + C0)d (4.17)

K(x, x′) = e−γ‖x−x′‖2 (4.18)

K(x, x′) = tanh(γx · x′ + C0) (4.19)

4.16 is a linear kernel, 4.17 is a polynomial kernel, 4.18 is the radial basis function kernel (or

Gaussian kernel), and 4.19 is the sigmoid kernel.
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Table 4.6: The number of each event type at the four different window sizes used.

Event Window
0.5s 1s 2s 3s

F 175 175 155 82
S 201 201 201 159
N 190 189 185 167

4.4 Data Analysis Protocol

Based on the assumption that either an event detector would be used to find the sections of

interest, or that the entire night would be analysed on an approximately second-to-second

basis, only a specified amount of time for each event was analysed i.e. the first 0.5, 1, 2 or 3s

of an event. If an event duration was less than the specified window size, it was not included

in the analysis. This meant that as the window size increased, less data was analysed; Table

4.6 shows the number of each event type at the different window sizes.

4.4.1 Linear Predictive Coding

From speech analysis, a general rule of thumb is that for voiced sounds, two coefficients

provide information about each formant frequency. It has been suggested that voiced sounds

are identifiable from the first two or three formants [154]. Using a filter order of 12 ensures that

the first three formants can be estimated, which is useful in identifying sections of speech in

the audio signal. The work of Ng et al. [83] looked at the first three formants also and achieved

promising results in distinguishing between apnoeic and non-apnoeic snoring. However, using

a prediction order of 12 resulted in pole-splitting (which could be seen on the pole-zero plot).

Instead a prediction order of 8 was used, giving four complex conjugate pairs, allowing the

spectrum to be fully shaped. Figure 4.5 shows three examples of the pole-zero plots, using p =

8 resulting in all-pole plots (or three pairs of poles and one pair of zeros), and autoregressive

(AR) spectra for the different events. The pole-zero plots show that none of the three events

have poles in the same location, particularly the noise event whose poles have a much smaller

radius. This results in different system responses for the three events. The AR spectra show

how the power is distributed across the frequency range. Figures 4.5b, 4.5d and 4.5f clearly

show that the choke event has a very different PSD to the other two events, with one very clear

peak. As differences can be seen between the pole-zero plots and the AR spectra using this
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prediction order, p = 8 was therefore used for the LPC analysis.

4.4.2 MFCC Analysis

Each audio window of interest was detrended and then multiplied by a Hamming window of

the same length. A filterbank with 24 filters was used and the entire length of each event was

taken to be a single frame, resulting in 12 MFCCs per event.

4.4.3 Classification

For both classifiers, five-fold cross-validation was carried out. Four folds were used as Xdesign

and the remaining fold was used as Xval. Different combinations of features (LPC, MFCCs,

and LPC+MFCCs) were used to find the optimal threshold for classification. For the SVM,

the Xdesign data was used to find the best cost parameter for that data set. This was done by

carrying out three-fold cross-validation on Xdesign, where one fold was used as Xtest and the

other two folds were used as Xtrain. The best cost parameter was found on Xtrain then used to to

train the SVM on all of Xdesign before being validated on Xval. This process was carried out for

every window size. Two approaches were used: the first involved events being divided into

training and validation, the other divided subjects into training and validation. Dividing events

into training and validation meant that events from a single subject appeared in both data sets

which could lead to a bias in results. Dividing subjects into training and validation removed

this bias, but led to uneven numbers of events in the two groups. For LDA, the discriminant

function used fitted a multivariate normal density to each group, with pooled estimates of a

diagonal covariance matrix (essentially a naive Bayes classifier). In the SVM analysis a linear

kernel was used, as was a weighting function. Every time the data was divided into Xdesign and

Xval, the ratio of chokes to snores/noise was calculated and the weighting function changed

accordingly before being applied to the training data set.

4.5 Results

The results for LDA can be found in Tables 4.7 and 4.8 while the results for the SVM can be

found in Tables 4.9 and 4.10. The best performance for each classification problem is high-
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(a) Pole-zero plot of a choke event (b) AR spectrum of a choke event

(c) Pole-zero plot of a snoring event (d) AR spectrum of a snoring event

(e) Pole-zero plot of a noise event (f) AR spectrum of a noise event

Figure 4.5: Pole-zero plots and autoregressive spectra of a choke, snoring, and noise event. Differences
can be seen clearly between the three event types.
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Table 4.7: LDA statistics for LPC coefficients (LPC), MFCCs (CEP) and both combined (L&C)
(mean±σ) for events divided into Training (Train) and Validation (Val).

Inputs τ (s) Data Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
LPC

0.5

Train 70.0 ± 1.4 50.6 ± 2.3 38.8 ± 2.4 79.0 ± 0.7 56.6 ± 2.0 0.57 ± 0.02
Val 68.0 ± 9.4 47.9 ± 8.6 37.0 ± 5.7 77.3 ± 4.4 54.4 ± 4.9 0.54 ± 0.06

CEP Train 59.9 ± 1.8 59.8 ± 2.9 40.0 ± 2.1 76.9 ± 1.9 59.8 ± 2.3 0.56 ± 0.02
Val 51.2 ± 11.8 58.8 ± 6.6 36.0 ± 10.5 73.1 ± 6.0 56.7 ± 6.3 0.50 ± 0.09

L&C Train 70.0 ± 2.5 60.2 ± 2.0 44.0 ± 1.6 81.8 ± 1.2 63.2 ± 1.5 0.62 ± 0.02
Val 65.2 ± 7.0 55.5 ± 4.6 39.6 ± 3.4 78.2 ± 3.2 58.5 ± 3.0 0.57 ± 0.04

LPC

1

Train 65.9 ± 3.3 48.5 ± 1.4 36.5 ± 2.3 76.1 ± 1.7 53.9 ± 1.8 0.53 ± 0.02
Val 63.3 ± 11.3 48.0 ± 7.0 35.5 ± 7.7 74.9 ± 5.2 52.9 ± 6.2 0.52 ± 0.07

CEP Train 54.7 ± 3.7 60.8 ± 2.2 38.5 ± 2.8 74.9 ± 1.6 58.9 ± 2.1 0.54 ± 0.03
Val 51.9 ± 6.8 62.0 ± 5.1 38.0 ± 4.5 74.2 ± 4.4 58.9 ± 2.8 0.52 ± 0.06

L&C Train 63.2 ± 7.3 59.8 ± 2.6 41.3 ± 1.9 78.5 ± 3.6 60.9 ± 2.2 0.58 ± 0.05
Val 57.1 ± 9.4 54.9 ± 9.2 36.4 ± 5.7 73.8 ± 6.9 55.4 ± 6.2 0.52 ± 0.07

LPC

2

Train 58.8 ± 3.8 63.6 ± 3.9 39.4 ± 1.6 79.4 ± 1.0 62.2 ± 2.1 0.58 ± 0.01
Val 59.2 ± 9.7 62.6 ± 9.3 39.4 ± 6.6 79.3 ± 4.1 61.4 ± 4.9 0.58 ± 0.04

CEP Train 67.4 ± 1.7 67.5 ± 2.8 45.5 ± 2.3 83.8 ± 0.8 67.5 ± 1.8 0.65 ± 0.02
Val 62.0 ± 10.4 68.1 ± 6.5 43.8 ± 7.6 81.7 ± 6.6 66.4 ± 4.7 0.63 ± 0.08

L&C Train 63.9 ± 2.3 71.6 ± 1.7 47.5 ± 2.1 83.2 ± 1.2 69.4 ± 1.0 0.66 ± 0.01
Val 60.3 ± 4.1 69.6 ± 7.4 44.6 ± 5.0 81.1 ± 5.2 67.3 ± 5.3 0.63 ± 0.04

LPC

3

Train 56.1 ± 5.5 72.5 ± 3.2 34.0 ± 2.9 86.8 ± 1.9 69.2 ± 2.8 0.66 ± 0.03
Val 51.3 ± 17.9 71.4 ± 11.0 31.3 ± 8.7 85.5 ± 6.3 67.4 ± 7.5 0.63 ± 0.06

CEP Train 66.7 ± 2.1 74.8 ± 2.3 40.1 ± 2.5 89.9 ± 1.1 73.2 ± 2.1 0.72 ± 0.02
Val 66.0 ± 18.0 75.2 ± 4.6 39.2 ± 5.3 89.4 ± 7.0 72.8 ± 2.9 0.72 ± 0.06

L&C Train 65.9 ± 1.7 81.0 ± 2.2 46.7 ± 2.1 90.4 ± 1.0 77.9 ± 2.0 0.75 ± 0.02
Val 61.7 ± 12.1 81.3 ± 2.8 44.9 ± 5.0 89.3 ± 4.1 77.2 ± 2.6 0.73 ± 0.08

lighted in blue. In all instances (LDA vs. SVM and event vs. subject) the best performance is

achieved using a 3s window and both LPC and MFCCs, indicating that LPC and MFCCs pro-

vide complementary information. There is also a large variability in the performance metrics,

illustrated by the standard deviation in the tables (4.7, 4.8, 4.9 and 4.10), indicating that the

results are dependent on the data used for training the model.

4.6 Discussion

For both classifiers the best results were consistently obtained using a combination of LPC

and MFCCs and a window size of 3s regardless of whether the data were divided by subject

or event. When divided by event, LDA achieved Ac = 77.9% in training and Ac = 77.2%

during validation; when divided by subject, LDA achieved Ac = 77.4% in training, and Ac =

69.6% during validation. When divided by event, the SVM achieved Ac = 80.6% in training,

and Ac = 80.7% during validation; when divided by subject, the SVM achieved Ac = 80.7%

in training, and Ac = 80.9% during validation. It is clear that overtraining of the classifiers are
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Table 4.8: LDA statistics for LPC coefficients (LPC), MFCCs (CEP) and both combined (L&C)
(mean±σ) for subjects divided into Training (Train) and Validation (Val).

Inputs τ (s) Data Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
LPC

0.5

Train 69.5 ± 4.6 53.0 ± 2.3 39.7 ± 1.8 79.5 ± 3.5 58.1 ± 1.7 0.68 ± 0.04
Val 66.0 ± 23.7 46.3 ± 12.1 33.8 ± 11.2 76.9 ± 14.6 50.4 ± 9.5 0.66 ± 0.18

CEP Train 60.7 ± 3.5 59.1 ± 3.6 39.9 ± 2.3 77.0 ± 2.6 59.6 ± 1.7 0.66 ± 0.02
Val 53.8 ± 14.7 53.1 ± 12.5 34.0 ± 7.7 71.0 ± 14.9 52.1 ± 6.1 0.63 ± 0.11

L&C Train 69.1 ± 4.5 60.0 ± 1.7 43.4 ± 5.6 81.2 ± 4.4 62.7 ± 0.7 0.69 ± 0.02
Val 63.4 ± 21.3 51.2 ± 12.5 34.6 ± 17.4 75.8 ± 22.4 52.8 ± 6.7 0.58 ± 0.11

LPC

1

Train 65.1 ± 3.5 50.7 ± 4.0 37.2 ± 1.5 76.4 ± 1.3 55.2 ± 2.1 0.65 ± 0.03
Val 50.4 ± 20.8 49.8 ± 8.6 30.1 ± 9.7 70.1 ± 7.7 50.7 ± 3.6 0.58 ± 0.14

CEP Train 55.2 ± 2.4 62.8 ± 2.3 39.9 ± 1.1 75.7 ± 2.5 60.5 ± 2.1 0.65 ± 0.03
Val 48.0 ± 14.4 58.4 ± 13.2 34.0 ± 7.2 71.8 ± 7.1 54.3 ± 5.2 0.62 ± 0.13

L&C Train 62.2 ± 8.6 61.3 ± 4.8 41.9 ± 4.2 78.4 ± 4.0 61.5 ± 3.6 0.67 ± 0.06
Val 41.0 ± 17.6 57.8 ± 18.4 30.7 ± 9.1 68.9 ± 5.3 53.4 ± 7.8 0.59 ± 0.18

LPC

2

Train 60.3 ± 4.5 64.7 ± 5.2 40.5 ± 2.6 80.1 ± 4.5 63.4 ± 4.5 0.68 ± 0.04
Val 50.0 ± 20.6 64.7 ± 4.1 33.9 ± 15.9 79.0 ± 11.5 61.1 ± 6.7 0.65 ± 0.15

CEP Train 66.9 ± 4.4 68.0 ± 0.5 45.4 ± 5.1 83.6 ± 3.3 67.7 ± 1.4 0.72 ± 0.03
Val 58.3 ± 10.6 65.8 ± 5.5 38.4 ± 21.7 80.2 ± 12.2 64.7 ± 5.7 0.65 ± 0.08

L&C Train 64.5 ± 2.4 70.7 ± 1.1 46.9 ± 3.5 83.2 ± 1.0 68.9 ± 1.1 0.72 ± 0.02
Val 52.1 ± 21.2 69.5 ± 9.2 40.1 ± 12.2 79.8 ± 8.0 65.3 ± 4.0 0.70 ± 0.13

LPC

3

Train 56.2 ± 12.9 72.1 ± 7.3 33.7 ± 7.9 87.2 ± 2.2 69.3 ± 4.5 0.66 ± 0.04
Val 41.7 ± 36.3 72.3 ± 6.0 21.5 ± 20.1 83.7 ± 13.4 65.1 ± 5.1 0.62 ± 0.18

CEP Train 68.8 ± 2.3 75.7 ± 2.8 41.7 ± 3.2 90.6 ± 0.8 74.3 ± 2.4 0.74 ± 0.03
Val 60.2 ± 6.7 72.5 ± 13.2 36.8 ± 8.5 87.4 ± 5.1 70.2 ± 11.0 0.69 ± 0.16

L&C Train 66.2 ± 4.8 80.2 ± 1.7 45.3 ± 5.4 90.4 ± 2.2 77.4 ± 1.9 0.75 ± 0.05
Val 63.1 ± 28.0 74.7 ± 17.2 36.9 ± 23.0 88.2 ± 12.8 69.6 ± 13.5 0.75 ± 0.18

Table 4.9: SVM statistics for LPC coefficients (LPC), MFCCs (CEP) and both combined (L&C)
(mean±σ) for events divided into Training (Train) and Validation (Val).

Inputs τ (s) Data Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
LPC

0.5

Train 0.0 ± 0.0 100.0 ± 0.0 NaN ± NaN 69.1 ± 1.3 69.1 ± 1.3 0.64 ± 0.01
Val 0.0 ± 0.0 99.7 ± 0.6 0.0 ± 0.0 69.0 ± 5.2 68.9 ± 5.3 0.62 ± 0.05

CEP Train 0.9 ± 0.8 99.2 ± 0.5 30.3 ± 10.0 69.1 ± 0.5 68.8 ± 0.6 0.66 ± 0.01
Val 1.1 ± 1.5 98.7 ± 1.6 31.3 ± 47.3 69.0 ± 1.7 68.5 ± 1.9 0.63 ± 0.02

L&C Train 2.4 ± 2.3 98.5 ± 1.4 40.8 ± 2.6 69.3 ± 0.9 68.8 ± 1.1 0.70 ± 0.01
Val 3.5 ± 4.9 98.5 ± 1.7 41.7 ± 38.2 69.5 ± 4.4 69.1 ± 4.7 0.64 ± 0.06

LPC

1

Train 0.0 ± 0.0 100.0 ± 0.0 NaN ± NaN 69.0 ± 0.8 69.0 ± 0.8 0.62 ± 0.01
Val 0.0 ± 0.0 100.0 ± 0.0 NaN ± NaN 69.0 ± 3.3 69.0 ± 3.3 0.56 ± 0.04

CEP Train 0.6 ± 0.9 99.7 ± 0.5 50.0 ± 50.0 69.1 ± 1.2 69.0 ± 1.3 0.66 ± 0.02
Val 1.3 ± 1.8 99.7 ± 0.6 75.0 ± 35.4 69.2 ± 5.3 69.2 ± 5.4 0.58 ± 0.05

L&C Train 2.3 ± 2.5 99.2 ± 0.9 55.7 ± 5.2 69.3 ± 0.7 69.2 ± 0.6 0.69 ± 0.01
Val 0.5 ± 1.2 98.7 ± 2.3 10.0 ± 14.1 68.9 ± 2.7 68.3 ± 3.0 0.59 ± 0.05

LPC

2

Train 5.3 ± 2.4 99.0 ± 0.7 71.3 ± 7.8 72.3 ± 0.8 72.2 ± 0.8 0.68 ± 0.01
Val 5.2 ± 2.9 99.0 ± 1.6 78.3 ± 33.1 72.2 ± 3.6 72.1 ± 3.4 0.65 ± 0.03

CEP Train 14.3 ± 7.3 96.6 ± 1.9 62.4 ± 7.5 73.8 ± 1.6 73.1 ± 1.9 0.73 ± 0.02
Val 11.8 ± 4.2 94.9 ± 3.8 55.8 ± 29.3 72.8 ± 3.7 71.0 ± 4.0 0.69 ± 0.08

L&C Train 15.3 ± 6.5 97.3 ± 1.1 69.1 ± 8.5 74.1 ± 1.3 73.8 ± 1.1 0.76 ± 0.01
Val 17.2 ± 5.2 94.7 ± 5.2 61.0 ± 26.1 74.1 ± 2.5 72.5 ± 2.9 0.69 ± 0.05

LPC

3

Train 2.4 ± 1.8 99.4 ± 0.6 52.1 ± 17.2 80.2 ± 1.3 79.9 ± 1.3 0.72 ± 0.02
Val 3.4 ± 4.8 99.0 ± 1.4 55.6 ± 50.9 80.3 ± 5.2 79.9 ± 5.6 0.67 ± 0.08

CEP Train 18.0 ± 10.5 98.0 ± 1.2 70.1 ± 4.1 82.7 ± 0.4 82.0 ± 0.4 0.78 ± 0.03
Val 14.8 ± 13.8 97.6 ± 2.2 54.6 ± 37.6 81.9 ± 7.3 80.6 ± 6.9 0.72 ± 0.13

L&C Train 9.0 ± 5.1 98.7 ± 0.5 61.1 ± 7.9 81.2 ± 1.5 80.6 ± 1.3 0.81 ± 0.02
Val 7.2 ± 9.1 99.1 ± 0.8 60.0 ± 17.3 81.0 ± 3.2 80.7 ± 3.1 0.72 ± 0.06
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Table 4.10: SVM statistics for LPC coefficients (LPC), MFCCs (CEP) and both combined (L&C)
(mean±σ) for subjects divided into Training (Train) and Validation (Val).

Inputs τ (s) Data Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
LPC

0.5

Train 0.5 ± 1.2 99.3 ± 0.6 11.1 ± 22.2 69.1 ± 2.3 68.8 ± 2.3 0.64 ± 0.03
Val 0.8 ± 1.8 99.3 ± 1.5 25.0 ± 0.0 69.4 ± 9.0 69.0 ± 8.6 0.57 ± 0.08

CEP Train 1.9 ± 3.5 98.6 ± 2.0 28.7 ± 34.0 69.3 ± 4.0 69.0 ± 4.3 0.67 ± 0.02
Val 0.4 ± 1.0 98.1 ± 3.6 25.0 ± 35.4 71.1 ± 19.5 69.5 ± 16.9 0.57 ± 0.12

L&C Train 2.7 ± 2.7 98.2 ± 1.6 30.7 ± 21.9 69.3 ± 2.1 68.7 ± 2.2 0.72 ± 0.02
Val 1.4 ± 2.2 96.8 ± 3.6 17.5 ± 23.6 69.6 ± 9.9 67.7 ± 7.7 0.56 ± 0.07

LPC

1

Train 0.0 ± 0.0 100.0 ± 0.0 NaN ± NaN 69.1 ± 3.1 69.1 ± 3.1 0.62 ± 0.02
Val 0.0 ± 0.0 100.0 ± 0.0 NaN ± NaN 71.1 ± 15.3 71.1 ± 15.3 0.53 ± 0.02

CEP Train 0.5 ± 0.9 99.6 ± 0.4 25.0 ± 28.9 69.1 ± 2.9 69.0 ± 3.0 0.66 ± 0.02
Val 0.8 ± 1.7 100.0 ± 0.0 100.0 ± 0.0 70.3 ± 11.6 70.4 ± 11.6 0.55 ± 0.10

L&C Train 1.2 ± 1.2 99.2 ± 0.9 42.5 ± 6.6 69.1 ± 2.5 68.9 ± 2.7 0.70 ± 0.01
Val 2.0 ± 3.5 98.0 ± 1.8 22.9 ± 31.5 69.6 ± 10.7 68.7 ± 10.2 0.56 ± 0.07

LPC

2

Train 7.9 ± 6.1 98.4 ± 2.2 72.6 ± 12.3 72.8 ± 2.5 72.7 ± 2.9 0.68 ± 0.02
Val 2.4 ± 4.2 97.3 ± 4.2 43.8 ± 51.5 73.0 ± 15.3 70.9 ± 11.6 0.61 ± 0.05

CEP Train 15.6 ± 7.7 96.3 ± 2.3 60.5 ± 16.3 74.0 ± 1.1 73.3 ± 1.7 0.73 ± 0.01
Val 10.4 ± 7.7 94.8 ± 2.5 41.1 ± 33.2 72.4 ± 7.6 70.5 ± 6.0 0.63 ± 0.06

L&C Train 16.6 ± 5.7 96.9 ± 2.0 71.8 ± 7.3 74.4 ± 2.8 74.2 ± 2.9 0.77 ± 0.01
Val 17.0 ± 12.6 93.5 ± 7.0 53.6 ± 36.4 73.6 ± 15.6 71.0 ± 14.6 0.68 ± 0.12

LPC

3

Train 2.7 ± 2.2 99.6 ± 0.4 66.7 ± 23.6 80.3 ± 1.6 80.1 ± 1.7 0.73 ± 0.00
Val 0.0 ± 0.0 98.3 ± 1.7 0.0 ± 0.0 79.4 ± 5.6 78.3 ± 5.3 0.57 ± 0.06

CEP Train 19.3 ± 10.5 97.6 ± 1.5 67.7 ± 3.3 83.1 ± 3.0 82.2 ± 3.3 0.79 ± 0.02
Val 17.1 ± 11.9 97.4 ± 4.2 58.3 ± 28.9 83.4 ± 14.0 81.9 ± 14.0 0.70 ± 0.13

L&C Train 13.8 ± 9.5 97.5 ± 1.7 57.1 ± 8.7 81.9 ± 1.9 80.7 ± 1.6 0.81 ± 0.03
Val 11.7 ± 14.9 98.3 ± 2.4 69.0 ± 27.0 81.8 ± 5.9 80.9 ± 5.2 0.70 ± 0.12

is taking place, indicated by the drop in performance from the training data to the validation

data, as well as the large standard deviation values for some of the metrics. This is likely due

to the lack of annotations i.e. there are insufficient data for this analysis or there are too many

features. It should be noted that in Xdesign there are up to 24 features (when LPC+MFCCs are

combined) but only 56 subjects. This causes the system to be under-specified, and leads to

poor results on the validation data.

Based on the results in Tables 4.8 and 4.10, it is clear that it is not possible to do better

than 75% on average when classifying by subject (69.6% for LDA, 80.9% for SVM). It is clear

from Table 4.10 that the SVM is very specific (in the high 90s), but has very low sensitivity

(less than 20%). In addition, the PPV could not be computed for some of the classifications

using LPC indicating that in some instances the classifier never identifies a TP. It should be

noted that, although accuracy is similar on the training data when dividing by subject and

event, there is approximately a 4% difference when dividing by subject rather than event in

the validation data, when using LDA. In addition, the performance when dividing by subject

is more variable than when dividing by event (indicated by the consistently higher variance

for all metrics) for both classifiers. Classifying by subject is more reasonable than classifying
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by events as this ensures that there is no over-estimation of the results when there are events

from a single subject in both the training and validation data sets.

The results were consistently better when the data were divided by event; there is less

variability in the performance statistics than when dividing by subject. The fact that the com-

bination of LPC and MFCCs provided the best accuracy in determining whether the event

was either a choke or noise/snore indicates that the LPC coefficients and the MFCCs provide

complementary information. A consideration for both classifiers is that less data was used at

3s than at 0.5s. Table 4.6 shows that the number of events that are 3s or longer are actually

very few (decreased from 391 noise/snore events, 175 chokes at 0.5s to 326 noise/snore, 82

chokes at 3s). The ratio between the classes has completely changed at 3s.

There are a number of limitations to this approach. Annotating the data is labour intensive

and, ideally, there should be three annotators to ensure the quality of the annotation. In this

work, one clinical research fellow with two years of training labelled the data which is not

optimal.

It should be noted, that even with the higher accuracy obtained by dividing by event and

assuming that the data were recorded in a low noise environment, it is insufficient for screening

subjects. Even with the performance metrics as good as they are here, the accuracy needs to

be much higher (at least 80%) for this approach to be clinically acceptable [55], although the

ability of PMs to correctly diagnose subjects with OSA needs further validation (see section

2.5 for a full discussion).

The results presented here are lower than those reported in the literature (Table 3.3 shows

that LPC [83] can achieve Se = 88% and Sp = 82%, while MFCCs [98] Se = 82%). However,

many approaches consider in-sample classification which leads to a generous over-estimation

of performance. In addition, the literature considers a different classification problem, i.e.

thresholding on a given feature to differentiate apnoeic snores from benign snores, whereas, in

the analysis above, the first breath after an apnoea has been differentiated from benign snores

and noise, which will also influence performance. The poorer performance could be due to the

lack of annotations, resulting in an under-specified system. In addition, none of the snoring

events used in this analysis have been graded. The availability of a grading may have improved

performance.
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A two-step approach to classifying events could lead to an easier classification problem.

The first step would involve removing artefacts, such as noise, followed by a two-class classi-

fication between snoring and choke events. This could lead to improved results, although the

issue of sparse data remains. However, due to the lack of annotations/annotators this approach

was not investigated.

An alternative approach was taken in the next chapter (Chapter 5) in an attempt to improve

the classification accuracy sufficiently while minimising the pre-processing required.
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Chapter 5

Processing audio data to classify OSA

patients

5.1 Introduction

As demonstrated in Chapter 4, the classic speech analysis techniques only achieve Se = 66.2%

and Ac = 69.6% during validation, when using LDA with LPC+MFCCs for a 3s window (Ta-

ble 4.8). The large amount of pre-processing that was carried out, particularly in having to

annotate individual events, is also a major drawback. In order to use these techniques, an

event detector is required which would be another source of noise and errors. Even if a perfect

detector could be built and there was no noise in the audio signal, the best possible classifica-

tion accuracy would only be 80.7% for events (Table 4.9). In order to avoid, or at least limit

this intensive process, and ideally improve classification performance, an alternative approach

is needed; classifying by subject and not event. Classifying by subject does not require a de-

tector and can use more contextual information regarding the changes in respiratory activity.

In other words, using the information from multiple time scales which occurs in the audio

signal [160] (as seen in Figure 5.3 there is clearly information on multiple time scales).

A multi-temporal method might provide a better screening metric to the classic techniques.

Multiscale entropy (MSE) was originally applied to heart rate data, where visual inspection

of the entropy values indicated that MSE coefficients could be used to distinguish between

healthy and pathological groups. Heart rate data has similar issues to audio signals, such

as non-stationarity. MSE measures the complexity of a signal, where more complex signals
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Table 5.1: Percentage of missing data for AHI, ODI and demographics.

Feature Missing data (%)
Gender 0.00

Age 0.00
Neck 8.39

Height 9.44
Weight 4.20

AHI 0.82
ODI 0.93
BMI 8.62
ESS 3.61

have higher MSE values. Complexity is associated with “meaningful structural richness”

[161] incorporating correlations over multiple spatio-temporal scales. MSE also replicates the

process that a clinician (Prof. John Stradling of the Respiratory Medicine Group, Churchill

Hospital, Oxford, UK) uses to diagnose patients. Prof. Stradling [162] looks at how variable

the signals are over the course of the night, with highly variable signals indicating that there is

some form of sleep disturbance. However, MSE is an unintuitive way to look at multi-temporal

information. A visual inspection of the audio signal in the time domain led to the idea that

looking at the intervals between snores could provide a useful diagnostic tool (as suggested

by Prof. Stradling [162]). There are very different patterns in the audio signal of apnoeics and

snorers, for example. The intervals between snores could be a method of quantifying these

differences.

5.2 Standard Metrics for OSA Diagnosis

As mentioned in Chapter 3, the AHI and ODI are two standard and commonly used metrics

for identifying OSA severity, and are automatically calculated by the Visi-Download software.

The patients in the Churchill Hospital are asked to fill out an ESS questionnaire as well as some

basic information (age, gender, height, weight and neck size). Table 5.1 shows the amount of

missing data for each of these features in the final population of 858 subjects; AHI was missing

when actigraphy and body position were not recorded; ODI was missing when PPG was not

recorded; if a subject did not answer all of the questions then those data were missing.

Using clinically accepted thresholds [163] for the AHI and ODI (both calculated by the

software), and the STOP BANG questionnaire thresholds for the other features, the baseline
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classification performance for these features can be found in Table 5.2. The STOP BANG

uses one threshold for each of the features; if the feature is above the threshold the subject

is said to have moderate or severe OSA. Both the AHI and ODI are associated with multiple

thresholds used for classifying subjects into different categories. Subjects are said to be normal

or a snorer if below a threshold of 5 and have mild, moderate or severe OSA otherwise; 10 is

normal/snorer/mild vs. moderate/severe; 15 is also used for that division (normal/snorer/mild

vs. moderate/severe); 20 is normal/snorer/mild/moderate vs. severe; 30 is used for that same

division (normal/snorer/mild/moderate vs. severe). In this work, all thresholds have been tried

to see how well they classify subjects. As can be seen in Table 5.2, the demographics are not

very good at classifying subjects; they are either sensitive or specific, never both, and accuracy

is only just better than random chance (ranging from 53% to 62%). This is not unexpected,

particularly when subjects have been asked to note down these figures themselves rather than

being measured and recorded by a healthcare professional; studies have shown that people are

poor at self-reporting height and weight [164]. It would therefore be prudent to move away

from the use of such information and perhaps rely on objective physiological signals only, if

they provide a lower error rate.

Both the AHI and ODI are good classification features. Obviously, the higher threshold

of 30 provides the best classification as this is the easiest classification problem of the com-

monly used thresholds, i.e. separating severe OSA from normal/snorer/mild OSA/moderate

OSA. However, a threshold of 15, which classifies normal/snorer/mild vs. moderate/severe,

is highlighted in blue in the table and is appropriate for this work, as this is the classification

problem being addressed. Using this threshold gives performance statistics in the high-80 to

low-90% range. The remainder of this work focuses on this type of classification which can

be seen, in most countries, as non-treatment vs. treatment. These are the results to beat (Ac =

88.7%).

The results in Table 5.2 are based on clinical thresholds which have not been optimised for

this data set. Table 5.3 shows the results across five folds, optimising the feature thresholds by

maximising the accuracy. It is clear that optimising these thresholds improves classification

accuracy in all cases. However, the increase is always small and the variation in the results

means that these thresholds are specific to a particular data set. It is interesting to note that
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Table 5.2: Performance statistics when using clinical thresholds on the demographics, AHI and ODI
where both AHI and ODI were automatically calculated by the software. The metrics in blue are the
baseline to beat as this is the classification problem being addressed in this work (normal/snorer/mild
OSA vs. moderate OSA/severe OSA).

Feature Threshold Se (%) Sp (%) PPV (%) NPV (%) Ac (%)
Gender 1.0 77.5 36.7 45.1 70.8 53.1

Age 50.0 61.7 59.0 50.2 69.6 60.0
Neck 40.0 84.9 40.4 51.7 78.1 59.5
BMI 35.0 45.0 73.8 53.4 66.8 62.3
ESS 15.0 46.4 66.4 48.5 64.5 58.3
AHI 5.0 97.4 55.3 59.2 96.9 72.1
AHI 10.0 92.9 80.1 75.6 94.4 85.2
AHI 15.0 83.5 87.6 81.7 88.8 86.0
AHI 20.0 71.4 94.4 89.5 83.2 85.2
AHI 30.0 53.0 97.9 94.4 75.8 80.0
ODI 5.0 97.6 54.2 58.7 97.2 71.6
ODI 10.0 94.0 81.1 76.8 95.3 86.3
ODI 15.0 85.3 90.9 86.2 90.3 88.7
ODI 20.0 74.3 96.0 92.5 84.9 87.3
ODI 30.0 56.2 98.6 96.4 77.2 81.6

some of the optimised thresholds are actually very close to those used clinically, specifically

AHI (14.6) and ODI (16.9), both of which have a very tight range. The optimised thresholds

differ from the clinical thresholds/values for the other features. Neck size, which also has a

tight range, jumps from 40.0 to 43.4cm. Age, BMI and ESS all have larger ranges indicating

that these mean threshold values are data set specific.

5.3 Data

The data described in section 4.2 were used in the audio analysis. See Table 4.2 for a break-

down of the demographics per subject diagnosis (normal, snorer, mild OSA, moderate OSA,

severe OSA) and Appendix D for a breakdown of the statistical differences between the five

groups. The demographics for each class (non-treatment vs. treatment) can be found in Ta-

ble 5.4. The treatment group consists of moderate and severe OSA patients while the non-

treatment group is made up of normal, snorer and mild OSA subjects. The distributions for

each group can be found in Figure 5.1. Using the null hypothesis that the data in treatment and

non-treatment groups are independent random samples from normal distributions with equal

means and equal but unknown variances (a two-sample t-test), the hypothesis is rejected in
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Table 5.4: Patient demographics for the two classification groups: non-treatment (normal, snorer,
mild OSA) and treatment (moderate OSA, severe OSA) (mean±σ) for the audio analysis. neck = neck
circumference, m = male, f = female.

Non-treatment Treatment
Gender 325 m, 194 f 261 m, 78 f

Age (yrs) 47.2 ± 13.7 52.7 ± 12.5
Neck (cm) 40.9 ± 4.6 44.2 ± 4.6

Height (cm) 173.0 ± 10.4 174.2 ± 9.4
Weight (kg) 93.5 ± 23.7 107.8 ± 30.6

AHI (events/h) 6.6 ± 8.0 38.1 ± 24.2
ODI (events/h) 6.2 ± 5.7 44.3 ± 31.6
BMI (kg/m2) 31.3 ± 8.2 35.7 ± 10.4

ESS 11.8 ± 5.2 13.6 ± 5.1

Table 5.5: Hypothesis (1: reject null hypothesis, 0: accept null hypothesis) and p value for the treat-
ment vs. non-treatment demographics.

Demographic KS test t-test
H p KS statistic H p

Gender 1 3.6 × 10−4 0.14 1 8.9 × 10−6

Age 1 7.3 × 10−7 0.19 1 2.3 × 10−9

Neck 1 1.0 × 10−17 0.32 1 1.3 × 10−22

Height 0 0.0579 0.09 0 0.0691
Weight 1 2.5 × 10−16 0.30 1 1.2 × 10−13

AHI 1 1.6 × 10−99 0.74 1 2.3 × 10−118

ODI 1 2.4 × 10−110 0.78 1 5.9 × 10−115

BMI 1 1.9 × 10−16 0.31 1 5.1 × 10−11

ESS 1 2.7 × 10−4 0.15 1 1.7 × 10−6

every case except for height at the 5% significance level with p << 0.001. In the case of

height, the t-test found that the two groups come from a distribution with equal means and

equal but unknown variances with p = 0.0691. This is not unexpected in that the typical OSA

patient is older and heavier (and hence has a larger neck size, weight and BMI); as an OSA

sufferer it would be expected that the AHI, ODI and ESS would be higher than for a subject

without OSA. Full details for the paired t-test and the two-sample Kolmogorov-Smirnov test

can be found in Table 5.5. Overall, there are 519 subjects in the non-treatment class (normal,

snorer, mild OSA) (60.49%) and 339 subjects in the treatment class (moderate OSA, severe

OSA) (39.51%).
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(a) Gender (b) Age (c) Neck

(d) Height (e) Weight (f) AHI

(g) ODI (h) BMI (i) ESS

Figure 5.1: Probability density functions for both classification groups for the normalised demograph-
ics. Treatment is shown in blue and non-treatment in red.
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Figure 5.2: Illustration of the coarse-graining process. Adapted from [169].

5.4 Methods

As stated in section 5.1, multiscale entropy was chosen to replicate the variability of the sig-

nals, while the inter-snore interval was used to identify two patterns: snoring and apnoea.

5.4.1 Multiscale Entropy

Multiscale entropy (MSE) is a method of measuring the complexity of a finite length time

series [165–167]. MSE has been applied to heart rate data, which has similar issues to the

audio signal, such as non-stationarity. Costa et al. [168] noted that traditional algorithms in-

dicated that certain pathological processes had a higher complexity than healthy dynamics

with long-range correlations. The authors suggested that this paradox was due to the fact that

conventional algorithms fail to account for the multiple time scales inherent in healthy phys-

iological dynamics. Due to this hypothesis, MSE was developed and was found to robustly

separate healthy and pathological groups. Given an N-point time series, {x1, . . . , xi, . . . , xN},

a consecutive coarse-grained time series can be constructed by averaging a successively in-

creasing number of data points in non-overlapping windows (illustrated in Figure 5.2).

Each element of the coarse-grained time series, y(τ)
j , is calculated according to the equation:

y(τ)
j =

1
τ

jτ∑
i=( j−1)τ+1

xi (5.1)
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where τ represents the scale factor and {1 ≤ j ≤ N/τ}. The length of each coarse-grained time

series is N/τ. For scale τ = 1, the coarse-grained time series is simply the original time series.

The sample entropy (HS ) is then calculated for each of the time series and can be plotted as

a function of the scale factor. HS quantifies the regularity of a time series and is the negative

natural logarithm of the probability that two sequences similar for m points remain similar at

the next point, where self-matches are not included. Given N data points from a time series

x(n) = x(1), x(2), . . . , x(N), the algorithm forms N − m + 1 vectors X(1), . . . , X(N − m + 1)

defined by X(i) = [x(i), x(i + 1), . . . , x(i + m − 1)], for {1 ≤ i ≤ N − m + 1}. The vectors,

X, represent m consecutive values of the signal, commencing with the ith point. The distance

between X(i) and X( j), d = [X(i), X( j)], is then calculated as the maximum absolute difference

between their respective scalar components as follows:

d[X(i), X( j)] = maxk=1,2,...,m(|x(i + k) − x( j + k)|) (5.2)

For a given X(i), the number of j’s {1 ≤ j ≤ N − m, i , j} are counted, such that the distance

between X(i) and X( j) is less than or equal to r standard deviations and the following function

is calculated:

Bm
r (i) =

1
N − m − 1

N=m∑
j=1, j,i

Θ(r.σ − d[X(i), X( j)]) (5.3)

where Θ is the Heaviside function (Θ(z ≥ 0) = 1) and (Θ(z ≤ 0) = 1), σ is the standard

deviation of the signal x(n) and r is a tolerance window. Bm
r is calculated as follows:

Bm
r =

1
N − m

N−m∑
i=1

Bm
r (i) (5.4)

The dimension is then increased to m + 1 and Am
r (i) is calculated as:

Am
r (i) =

1
N − m − 1

N=m∑
j=1, j,i

Θ(r.σ − d[X(i), X( j)]) (5.5)

Am
r is then given by:

Am
r =

1
N − m

N−m∑
i=1

Am
r (i) (5.6)
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and the sample entropy is given by the negative logarithm of the ratio of Am
r to Bm

r :

HS (m, r,N) = − ln
(

Am
r

Bm
r

)
(5.7)

From these equations it is clear that HS , and hence, MSE is a function of three parameters:

m, r and N.

5.4.2 Inter-snore Interval

The inter-snore interval (ISI) can be viewed as an intuitive measure of sleep disturbance. This

metric was proposed by our clinical collaborator (Prof. Stradling) through years of experience.

He felt that it would be possible to distinguish between apnoeics and non-apnoeics by looking

at the interval between snores (or at least loud noises assumed to be snoring). Figure 5.3

shows the SpO2, airflow and audio signals for three subjects; a normal subject, a snorer and

a subject with severe OSA. On the audio channel for each subject there is a black line: data

above this line would be taken as snoring peaks. It is clear that there are three very different

patterns: one for each of the subjects. Using this as the starting point, four metrics were

derived that quantify the differences between the two classes. An apnoea event ends when

the subject experiences a momentary arousal (not enough to wake them up fully) in order to

resume breathing. This causes sleep fragmentation which translates to a characteristic pattern

in the audio signal of loud snoring or brief gasps with intervals of silence [16, 160, 170].

These micro arousals can be seen as a series of peaks in the signal. Sleep fragmentation (D f )

can be measured by counting the number of peaks and dividing by the number of hours of

sleep. The severity of OSA and the number of apnoeic events per hour of sleep are directly

related, i.e. the more severe the condition, the more apnoea events per hour of sleep the subject

experiences. Therefore, the intervals between the peaks may provide information regarding

OSA severity. The more severe the apnoea, the more the interval between the apnoeic events

decreases leading to less variability in the intervals between the peaks. The intervals between

the peaks can be characterised by taking the standard deviation (Ds) and the mean absolute

deviation (Dm) of the peak intervals. It is possible that the amplitude of the peaks represents

the amount of activity per arousal and so the mean amplitude of the peaks (Dh) may also be

useful. Two methods, described in section 5.5, were used to calculated these metrics.
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(a) Normal subject

(b) Snoring subject

(c) Subject with severe OSA

Figure 5.3: Three examples of Grey Flash data illustrating the ISI process; a normal subject, a snoring
subject and a subject with severe OSA. The black line on each of the audio channels is used to represent
the peaks that the ISI captures; data points above this line would be taken to be peaks and used to
calculate the four metrics. The audio signal for the snorer and normal subject have similar patterns to
each other, whereas the audio signal for the subject with severe OSA has a completely different pattern.
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5.4.3 Classification

LDA, as described in section 4.3.3 in Chapter 4, was used in this section of the analysis.

Another classifier, random forests (RFs), was also used and the details can be found below.

RFs can handle larger numbers of features with small numbers of observations. This is unlike

SVMs and so a RF was used instead of a SVM in the rest of the analysis.

5.4.3.1 Random Forest

Random forests (RFs) are a type of ensemble classifier based on decision trees [171]. Deci-

sion trees form a predictive model which uses a set of binary rules to calculate a target value.

Training data is passed to the decision tree, which builds a model determining which variable

to split on at a given node, what the value of the split is, whether to stop or to split again and

when to assign a terminal node to a class. When a large number of trees have been gener-

ated, they vote for the most popular class. For the kth tree, a random vector Θk is generated,

independent of the past random vectors Θ1, . . . ,Θk−1 but with the same distribution. A tree is

grown using the training set and Θk, resulting in a classifier h(x,Θk) where x is an input vector.

A RF is a classifier consisting of a collection of tree-structured classifiers h(x,Θk), k = 1, . . .

where the Θk are independent identically distributed random vectors and each tree casts a unit

vote for the most popular class at input x. Figure 5.4a shows an individual tree while Figure

5.4b shows the forest that is made up of t trees.

A tree based classifier was developed using a Bayesian framework by Johnson et al. [172].

The algorithm has many advantages, including high overall performance and automatic han-

dling of missing data, outliers and normalisation. Each tree selects a subset of observations

via two regression splits. These observations are then given a contribution, equal to a random

constant times the observation’s value for a chosen feature plus a random intercept. Further-

more, the tree also assigns a contribution to missing values for this chosen feature based upon

a scaled surrogate. The contributions across all trees are summed to provide the contribution

for a single “forest”, where a “forest” refers to a group of trees plus an intercept term. The

predicted probability output by the forest is the inverse logit of the sum of each tree’s con-

tribution plus the intercept term. The intercept term is set to the logit of the mean observed

outcome.
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(a) Decision tree (b) Random forest

Figure 5.4: An individual decision tree is shown in 5.4a while a forest comprised of a multitude of
trees is shown in 5.4b.

The core of the new model is the custom Markov chain Monte Carlo sampler which itera-

tively optimises the forest. This sampling process has a user defined number of iterations and

a user defined number of resets (each reset involves reinitialising the forest and restarting the

iterative process). After mapping the training data onto the quantiles of a normal distribution,

the forest is initialised to a null model, with no contributions assigned for any observations.

At each iteration, the algorithm selects two trees in the forest and randomises their struc-

ture. That is, it randomly reselects the first two features which the tree uses for splitting, the

value at which the tree splits those features, the third feature used for contribution calculation,

and the multiplicative and additive constants applied to the third feature. The total forest con-

tribution is then recalculated and a Metropolis-Hastings acceptance step is used to determine

if the update is accepted. The Metropolis-Hastings algorithm is a Markov chain Monte Carlo

(MCMC) method1 for obtaining a sequence of random samples from a probability distribution

for which direct sampling is difficult [173, 174]. If the update is accepted, the two trees are

kept in the forest, otherwise they are discarded and the forest remains unchanged. After a

set fraction of the total number of iterations to allow the forest to learn the target distribution

(20%), known as the burn-in period, the algorithm begins storing forests at a fixed interval, i.e.

once every set number of iterations. Once the number of user-defined iterations are reached,

1MCMC methods involve sampling from probability distributions by constructing a Markov chain
(a memoryless mathematical system that undergoes transitions from one state to another, among a finite
number of possible states) that has the desired distribution as its equilibrium distribution.
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the forest is reinitialised as before and the iterative process restarts. Again after the set burn-in

period, the forests begin to be saved at a fixed interval. The final result of this algorithm is a

set of forests, each of which will contribute to the final model prediction.

5.5 Data Analysis Protocol

This section details the exact process that was followed and the values of parameters used in

analysing the audio signals.

5.5.1 MSE

Only 240min of the audio data were analysed, beginning 30min into the recording and ending

at 4.5h. This maximised the data, as well as only looking at 4h of data as suggested by a

clinical expert [162]. Expert opinion indicates that if a subject has OSA, it will be apparent

in 4h of sleep. This prevents the exclusion of short recordings, which are associated with

OSA. Figure 5.5 shows the probability density function of the file lengths for the five different

diagnoses (normal, snorer, mild OSA, moderate OSA and severe OSA). The start time was

taken 30min into the recording to allow the user to fall asleep, although this assumes that all

subjects are asleep within 30min. The data were preprocessed by taking the variance every 0.5,

1 or 2s and then the natural logarithm of that time series was taken. This process highlighted

the peaks in the signal, which can be seen in Figure 5.6. Nine MSE coefficients were calculated

per subject (τ = 1, 2, 4, 8, 16, 32, 65, 130, 180) for m = 1 : 1 : 8 and r = 0.1 : 0.05 : 0.25. The

scales chosen attempted to capture the time scales that occur during repeated apnoeas at both

short and long time scales. The values used for m and r are based on reasonable ranges for

physiological data taken from [166].

5.5.2 ISI Method 1

This method (ISI1) is a quick and easy way of finding the peaks in the audio signal. The data

were preprocessed from 4kHz to 1Hz by taking the variance per s of data and then normalised

over the whole night by subtracting the mean and dividing by the standard deviation. All local

peaks were found that had a minimum distance of 10 samples between them; this equates
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(a) Full population

(b) Final population

Figure 5.5: File durations for normal subjects (blue), snoring subjects (red), mild OSA subjects
(green), moderate OSA subjects (cyan) and severe OSA subjects (magenta). 5.5a shows the distri-
butions for the full population collected with appropriate diagnoses (1014 subjects) while 5.5b shows
the distributions for the final population used in the analysis (858 subjects).
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(a) Snorer

(b) Apnoeic

Figure 5.6: The raw audio signal, the downsampled audio signal and the downsampled and ln-
transformed audio signal for a snorer and an apnoeic subject. A.U. = arbitrary units.
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to a minimum of 10s between peaks, which was chosen given the definition of an apnoea

(the cessation of airflow at the nose and mouth lasting at least 10s [16]). Each peak was then

analysed and if it was below a local threshold, it was removed. It was then possible to calculate

the statistics described in section 5.4.2 i.e. D f ,Ds,Dm and Dh.

5.5.3 ISI Method 2

This second method (ISI2) is based on the Pan-Tompkins QRS detector [175]. This method

has a longer computational time than ISI1 but involves no preprocessing of the data. It also

has the advantage of finding more peaks; ISI1 finds local peaks but the actual highest peak

may be discounted as there must be a minimum of 10 samples, which due to the preprocessing

equates to 10s, between peaks. ISI2 removes this uncertainty about whether the peak is the

actual maximum or not.

The Pan-Tompkins algorithm is essentially an energy detector. For this application the

algorithm is changed slightly. The data were read in; detrended (mean removed), squared

and integrated over a 500ms window; then filtered and differentiated. Peaks that were caused

by the data decreasing were removed and the delay caused by the filtering was removed by

scanning back through the signal. A threshold was set (15% of the 99th percentile) and an

array of segments built. In each segment, the maximum was found and those peaks that were

too close i.e. physiologically impossible, were removed. The minimum number of samples

between detected peaks was 0.4 × fs, where fs is the sampling frequency, which equates to

0.4sec between detected peaks. The amplitude and location of each peak was noted and the

statistics (D f ,Ds,Dm,Dh) described in section 5.4.2 were calculated.

5.5.4 Classification

Performance for individual demographics is presented in Table 5.2. For a full comparison, dif-

ferent combinations of ODI and demographics were investigated using LDA. Five-fold cross-

validation was carried out on the data, where one fold was used as Xval while the remaining

four folds were used as Xdesign.

The same process (five-fold cross-validation) was carried for the MSE analysis. In this

case, one fold was held separately to be the validation set (Xval) while the other four folds

96



were used as the design data set. Xdesign was further divided into training and test data sets

(70% and 30%) n times in order to find the best MSE downsampling rate (dsr), m value and r

value. This was done by using the current classifier to classify every possible combination of

dsr,m, r. For LDA this was carried out 100 times where the MSE coefficients were normalised

(zero mean and unit variance based on the training data); for the RF, this process was carried

out 5 times. The difference was due to the computational time. The highest accuracy was noted

along with the dsr,m, r combination that it corresponded to. The best overall combination was

taken to be the one that was chosen most often in the n iterations.

When the best dsr,m, r combination had been found using the training and testing data,

the full four folds (i.e. all of Xdesign) were used to train the classifiers and the untouched

fold was used for validation (Xval). Both classifiers were used to test all combinations of

features, namely: MS E, IS I1, IS I2, MS E + IS I1, MS E + IS I2, MS E + IS I1 + IS I2,

MS E + IS I1 + IS I2 + demographics, MS E + IS I1 + IS I2 + ODI, and MS E + IS I1 + IS I2 +

demographics + ODI. In each case, the MSE coefficients that were used were those found

in the first stage, i.e. the MSE coefficients that corresponded to the dsr,m, r combination

that gave the highest accuracy for each classifier. The results were noted for each feature

combination, classifier and fold.

For LDA, any missing data in Xdesign were mean imputed and then normalised (zero mean

and unit variance based on Xdesign). A multivariate normal density was fitted to each group

with a diagonal covariance matrix estimate (essentially a naive Bayes classifier). Naive Bayes

classification assumes that all features are independent within each class. Although this as-

sumption is not true in this case, these classifiers are known to work well even when the

independence assumption is not valid, and so it is possible to use them to estimate classi-

fication accuracy. For the RF, 500 trees were used in the forest. Each tree split on three

variables/features. The process was repeated twice with a new seed for 2 × 106 iterations.

5.6 Results

Table 5.6 shows the performance metrics for different combinations of ODI and demographics

when using LDA. The best performance is highlighted in blue.

Figure 5.7 shows the MSE values at the different scale factors (τ) for all combinations of
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Table 5.6: Performance statistics when using LDA on combinations of demographics and ODI to
classify treatment vs non-treatment, where ODI was automatically calculated by the software. The best
performance is highlighted in blue.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
ODI+gender Train 57.0 ± 0.7 98.6 ± 0.2 96.6 ± 0.4 77.5 ± 0.4 82.0 ± 0.3 0.95 ± 0.00

Val 57.3 ± 4.8 98.6 ± 0.9 96.6 ± 1.4 77.7 ± 1.8 82.2 ± 1.6 0.95 ± 0.01
ODI+age Train 59.0 ± 1.8 98.6 ± 0.2 96.5 ± 0.6 78.3 ± 0.7 82.8 ± 0.7 0.94 ± 0.00

Val 58.4 ± 4.6 98.6 ± 0.8 96.4 ± 2.2 78.1 ± 1.9 82.6 ± 2.0 0.94 ± 0.02
ODI+neck Train 56.6 ± 1.4 98.1 ± 0.2 95.7 ± 0.4 75.2 ± 0.6 80.4 ± 0.5 0.95 ± 0.00

Val 55.6 ± 5.9 98.2 ± 0.9 95.9 ± 1.4 74.9 ± 1.9 80.1 ± 1.9 0.95 ± 0.01
ODI+height Train 56.5 ± 0.7 98.5 ± 0.2 96.3 ± 0.4 77.4 ± 0.4 81.8 ± 0.2 0.95 ± 0.00

Val 56.7 ± 4.0 98.3 ± 0.8 95.7 ± 1.6 77.5 ± 0.6 81.8 ± 0.7 0.94 ± 0.01
ODI+weight Train 56.3 ± 1.5 98.3 ± 0.2 95.9 ± 0.3 76.6 ± 0.5 81.2 ± 0.4 0.94 ± 0.00

Val 56.0 ± 5.8 98.3 ± 0.8 96.0 ± 1.4 76.6 ± 1.1 81.2 ± 1.3 0.94 ± 0.01
ODI+BMI Train 56.8 ± 1.3 98.3 ± 0.2 95.7 ± 0.3 77.4 ± 0.4 81.7 ± 0.3 0.94 ± 0.00

Val 55.9 ± 4.6 98.3 ± 0.8 95.7 ± 1.4 77.1 ± 0.4 81.4 ± 0.6 0.94 ± 0.02
ODI+ESS Train 54.4 ± 1.6 98.7 ± 0.2 96.5 ± 0.4 76.2 ± 0.4 80.8 ± 0.4 0.95 ± 0.00

Val 54.4 ± 6.0 98.7 ± 0.5 96.7 ± 1.0 76.3 ± 1.5 81.0 ± 1.8 0.95 ± 0.00
ODI+demos Train 59.8 ± 1.1 97.8 ± 0.4 95.2 ± 0.7 77.4 ± 0.4 82.0 ± 0.4 0.93 ± 0.00

Val 60.6 ± 2.9 97.6 ± 1.2 94.9 ± 2.3 77.7 ± 1.0 82.3 ± 0.9 0.93 ± 0.01

m, r, dsr for a snoring subject and a severe apnoeic. This figure clearly indicates that there

are differences in the MSE value between the two subjects. Figure 5.8 shows the number of

times each MSE parameter combination was chosen per fold for both classifiers. Figure 5.8a

shows that when using LDA to choose the best parameter combination the results were: for

the first fold, the best MSE parameter combination was dsr = 0.5,m = 8, r = 0.1 which

was chosen 36 times. In the second fold, the best combination was dsr = 1,m = 8, r = 0.1

chosen 29 times, while in fold three the best combination was dsr = 2,m = 7, r = 0.1 chosen

30 times. For folds four and five the best combination was dsr = 2,m = 6, r = 0.1 and

dsr = 2,m = 8, r = 0.1 chosen 43 and 25 times respectively. It is clear that the r value is

of most importance, with all combinations using r = 0.1, while an m of 7 or 8 was chosen

for four of the five folds. The dsr value is the parameter that changes most across the folds,

although a dsr of 2 is chosen in three of the five folds. Overall, all of the best combinations

were for r = 0.1, with m = 7 being chosen 40% of the time and m = 8 being chosen for

another 40% of the time.

Figure 5.8b shows that when using a RF to choose the best parameter combination the

results were: for the first fold, the best MSE parameter combination was dsr = 0.5,m =

1, r = 0.15 which was chosen twice. For the second fold, the best combination was dsr =

0.5,m = 1, r = 0.25 chosen twice while dsr = 0.5,m = 1, r = 0.1 was chosen only once

in the third fold. For the fourth fold, dsr = 1,m = 1, r = 0.1 chosen twice and in the fifth
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Table 5.7: The average performance statistics over all five folds (mean±σ) for different audio feature
combinations on both the training (Train) and validation (Val) data sets when using LDA to classify
subjects.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEaud Train 42.0 ± 14.0 81.8 ± 9.5 62.5 ± 7.2 68.7 ± 2.8 66.2 ± 1.1 0.66 ± 0.01

Val 41.1 ± 14.3 78.5 ± 11.7 58.8 ± 15.6 67.1 ± 8.2 63.3 ± 5.2 0.64 ± 0.04
ISI1 Train 33.2 ± 3.9 85.2 ± 2.1 59.4 ± 1.0 66.1 ± 1.7 64.7 ± 1.5 0.65 ± 0.01

Val 34.4 ± 6.4 85.5 ± 1.5 60.3 ± 4.9 66.5 ± 6.9 65.1 ± 5.5 0.65 ± 0.03
ISI2 Train 33.2 ± 3.9 85.2 ± 2.1 59.4 ± 1.0 66.1 ± 1.7 64.7 ± 1.5 0.65 ± 0.01

Val 34.4 ± 6.4 85.5 ± 1.5 60.3 ± 4.9 66.5 ± 6.9 65.1 ± 5.5 0.65 ± 0.03
MSEaud+ISI1 Train 48.5 ± 8.4 78.9 ± 5.8 60.5 ± 2.2 70.3 ± 2.4 67.0 ± 1.8 0.70 ± 0.01

Val 48.1 ± 9.9 76.2 ± 8.3 57.6 ± 9.2 69.2 ± 7.0 64.8 ± 4.2 0.69 ± 0.05
MSEaud+ISI2 Train 48.5 ± 8.4 78.9 ± 5.8 60.5 ± 2.2 70.3 ± 2.4 67.0 ± 1.8 0.70 ± 0.01

Val 48.1 ± 9.9 76.2 ± 8.3 57.6 ± 9.2 69.2 ± 7.0 64.8 ± 4.2 0.69 ± 0.05
MSEaud+ISI1+ISI2 Train 52.8 ± 4.9 76.4 ± 3.4 59.5 ± 2.1 71.3 ± 2.3 67.1 ± 2.0 0.70 ± 0.02

Val 52.0 ± 8.2 75.2 ± 5.2 57.7 ± 7.5 70.4 ± 7.5 65.7 ± 4.9 0.70 ± 0.05
MSEaud+ISI1+ISI2+demos Train 61.9 ± 1.0 78.1 ± 2.3 64.9 ± 1.6 75.8 ± 1.1 71.7 ± 1.2 0.78 ± 0.01

Val 60.3 ± 8.3 76.4 ± 3.1 63.4 ± 7.5 73.4 ± 7.1 69.5 ± 3.9 0.77 ± 0.04
MSEaud+ISI1+ISI2+ODI Train 63.6 ± 3.2 89.6 ± 3.9 80.4 ± 5.7 79.0 ± 1.5 79.3 ± 2.1 0.88 ± 0.01

Val 65.3 ± 6.6 88.4 ± 4.8 78.6 ± 8.7 79.4 ± 6.4 79.1 ± 4.5 0.88 ± 0.04
MSEaud+ISI1+ISI2+demos+ODI Train 68.3 ± 1.8 89.6 ± 1.6 81.2 ± 2.0 81.2 ± 1.0 81.2 ± 0.9 0.88 ± 0.01

Val 68.5 ± 4.6 89.3 ± 3.5 81.3 ± 7.6 80.1 ± 6.1 80.6 ± 3.6 0.88 ± 0.02

Table 5.8: The average performance statistics over all five folds (mean±σ) for different audio feature
combinations on the validation data set when using a RF to classify subjects.

Features Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEaud 65.1 ± 7.1 89.0 ± 2.1 79.0 ± 6.0 79.8 ± 4.0 79.7 ± 3.5 0.86 ± 0.03

ISI1 47.7 ± 5.9 82.7 ± 6.2 64.7 ± 10.2 70.6 ± 5.7 68.5 ± 3.2 0.72 ± 0.03
ISI2 48.5 ± 4.1 82.3 ± 6.3 64.6 ± 10.4 70.8 ± 5.4 68.6 ± 3.1 0.72 ± 0.03

MSEaud+ISI1 66.9 ± 5.1 87.6 ± 3.3 77.4 ± 8.5 80.2 ± 4.4 79.4 ± 3.6 0.87 ± 0.03
MSEaud+ISI2 66.2 ± 5.1 87.3 ± 3.8 76.9 ± 8.7 79.7 ± 4.7 78.8 ± 3.0 0.87 ± 0.03

MSEaud+ISI1+ISI2 65.4 ± 4.2 86.9 ± 3.3 76.0 ± 8.8 79.3 ± 3.9 78.3 ± 3.1 0.86 ± 0.03
MSEaud+ISI1+ISI2+demos 71.8 ± 5.6 87.8 ± 3.2 79.1 ± 5.9 82.5 ± 5.4 81.5 ± 4.4 0.88 ± 0.04
MSEaud+ISI1+ISI2+ODI 84.6 ± 3.0 91.2 ± 1.5 85.9 ± 4.1 89.8 ± 3.4 88.5 ± 1.0 0.96 ± 0.01

MSEaud+ISI1+ISI2+demos+ODI 84.6 ± 4.1 91.3 ± 2.0 86.3 ± 3.1 89.9 ± 3.7 88.6 ± 1.8 0.96 ± 0.01

fold, dsr = 0.5,m = 1, r = 0.15 was chosen twice. Overall, approximately half of the best

combinations were for dsr = 0.5,m = 1 with r = 0.1 : 0.05 : 0.25: 60% for the first fold,

100% for the second fold, 60% for the third fold, 20% for the fourth fold and 60% for the

fifth fold. Although this is not consistent with the best combinations chosen by LDA, it is

clear from Figure 5.7 that the two classifiers are picking up on differences between the MSE

values, just at different parameter combinations. The average results over the five folds when

using LDA can be found in Table 5.7; and the RF results can be found in Table 5.8. The

best performance in both tables is highlighted in blue. Boxplots of the predictions for all

combinations of parameters can be found in Figures 5.9 and 5.11, while the ROC curves for

each combination of parameters can be found in Figures 5.10 and 5.12.
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(a) Snorer

(b) Severe apnoeic

Figure 5.7: Heatmaps illustrating the differences in MSE values at different scale factors for all com-
binations of m, r, dsr for a snoring subject and a severe apnoeic.
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(a) LDA

(b) RF

Figure 5.8: Heatmaps illustrating how often MSE parameter combinations using audio data were
chosen per fold for the different classifiers.
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(a) MSEaud (b) ISI1 (c) ISI2

(d) MSEaud+ISI1 (e) MSEaud+ISI2 (f) MSEaud+ISI1+ISI2

(g) MSEaud+ISI+demos (h) MSEaud+ISI+ODI (i) MSEaud+ISI+demos+ODI

Figure 5.9: Boxplots of the LDA predictions on the validation data over all five folds for the different
audio feature combinations for the audio analysis.
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(a) MSEaud (b) ISI1 (c) ISI2

(d) MSEaud+ISI1 (e) MSEaud+ISI2 (f) MSEaud+ISI1+ISI2

(g) MSEaud+ISI+demos (h) MSEaud+ISI+ODI (i) MSEaud+ISI+demos+ODI

Figure 5.10: ROC curves of the LDA predictions on the validation data over all five folds for the
different audio feature combinations for the audio analysis. Red = fold 1, green = fold 2, blue = fold 3,
cyan = fold 4, magenta = fold 5.
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(a) MSEaud (b) ISI1 (c) ISI2

(d) MSEaud+ISI1 (e) MSEaud+ISI2 (f) MSEaud+ISI1+ISI2

(g) MSEaud+ISI+demos (h) MSEaud+ISI+ODI (i) MSEaud+ISI+demos+ODI

Figure 5.11: Boxplots of the RF predictions on the validation data over all five folds for the different
audio feature combinations for the audio analysis.
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(a) MSEaud (b) ISI1 (c) ISI2

(d) MSEaud+ISI1 (e) MSEaud+ISI2 (f) MSEaud+ISI1+ISI2

(g) MSEaud+ISI+demos (h) MSEaud+ISI+ODI (i) MSEaud+ISI+demos+ODI

Figure 5.12: ROC curves of the RF predictions on the validation data over all five folds for the different
audio feature combinations for the audio analysis. Red = fold 1, green = fold 2, blue = fold 3, cyan =

fold 4, magenta = fold 5.
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5.7 Discussion

From Tables 5.2 and 5.6 it is clear that combining ODI with any other demographic actually

worsens performance. In fact accuracy drops from 88.7% to 82.3%. This means that the

baseline to beat is ODI on its own; or 88.7% accuracy.

From Figure 5.7 it is clear that MSE is capturing different information regarding the pat-

terns in the data. Figure 5.7a shows that the MSE values for most of the scale factors and

combinations of m, r, dsr are low, while Figure 5.7b shows that the MSE values are higher for

many of the combinations. Visual examination of these plots indicate that MSE should be able

to discriminate between the two classes at a number of the parameter combinations.

The search for the best dsr,m, r combination is consistent across all five folds for each

classifier, which can be clearly seen in Figure 5.8. Based on the results, for LDA r = 0.1 and

m = 7 or m = 8 is the optimal choice. For the RF, dsr = 0.5,m = 1 are the optimal choice,

with all values of r suitable options. The m and r values are within the ranges specified by

Costa et al. [166] for physiological data.

As can be seen from Tables 5.7 and 5.8, the best performance is obtained when MS Eaud +

IS I1+IS I2+ODI+demos are used in the analysis. LDA achieved Ac = 81.2% in training and

Ac = 80.6% during validation. The RF achieved Ac = 88.6% during validation. Figures 5.9i

and 5.11i both show that there is good separation between the two classes using this parameter

combination.

For LDA, MSE is more specific (78.5%) than sensitive (41.1%). The results are better

when using the RF, where both sensitivity and specificity improve (Se = 65.1% and Sp =

89.0%). The accuracy of MSE when using LDA is low (66.2%) however the RF performs

better with Ac = 79.7%. It is clear that for audio MSE features, the RF is the better classifier.

Figures 5.9a and 5.11a both show that, although there is separation between the two classes

in terms of the median, the 75th percentile of the mild OSA cases overlaps with the 25th

percentile of the moderate OSA cases. This is more pronounced in Figure 5.9a, and can also

be seen in Figures 5.10a and 5.12a. The mild cases are the grey area where classification is

most difficult. This is in keeping with diagnosis by clinicians. Mild cases, as standard, are not

offered treatment, however when there is a high ESS for example, the subject is brought in to

the hospital to talk with the clinician. A more detailed history is taken and depending on that
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conversation, some subjects are offered treatment while others are not. It is heavily subject

dependent.

There is no difference in the performance of ISI1 and ISI2 for LDA, and a slight difference

for the RF. This indicates that the basic method (ISI1) is sufficient for calculating the ISI

metrics (D f ,Ds,Dm,Dh). ISI2 takes much longer to compute and so ISI1 can be used to

reduce processing time while achieving the same performance. For both classifiers ISI is

more specific (85.2%, 82%) than it is sensitive (34.4%, 48%). Using LDA, the accuracy is

better than for MSE (65.1%) but is worse (68.5%) when using a RF.

When combining features, including ODI consistently improves performance for both

classifiers. Demographics also improve performance over that achieved by MSE and ISI.

Both of these improvements can be seen in Figures 5.10, 5.10, 5.11 and 5.12. However, when

all features are combined (MS E + IS I + demos + ODI) the best performance is achieved. For

LDA this is 81.2% in training and 80.6% during validation, which has improved from 65.7%

accuracy for MS E + IS I. The RF achieves 88.6% accuracy during validation, again improv-

ing from 78.3% accuracy for MS E + IS I. However, in situations when ODI is not available,

demographics can be used, in combination with MS E + IS I to give an accuracy of 81.5%

when a RF is used.

These results are promising, and have improved greatly over the standard approaches to

OSA diagnosis used in the previous chapter. The RF consistently achieves accuracy in the

high-70 to high-80% range. The results have surpassed the performance of the AHI on its own

(Ac = 86.4%), and are approximately the same as the performance of the ODI on its own (Ac

= 88.1%) (see Table 5.2). This approach could potentially yield similar results when applied

to other signals. The next step is to see how well a data combination approach works when

MSE and ISI are applied to both audio and actigraphy data.
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Chapter 6

Combining audio and actigraphy data

6.1 Introduction

It is possible that actigraphy could be used to improve performance over audio features alone.

As can be seen in Chapter 5 audio features achieve reasonable results (Ac = 78.3%), and when

combined with the ODI accuracy improves to 88.5%. However, it is important, for clinical

practice, to achieve accuracy levels of 90% or higher [55] (see section 2.5). The accelerometer

is another on-board smartphone sensor, from which actigraphy can be derived. Actigraphy is

commonly used in sleep monitoring for sleep-wake identification [120]. It should be noted

that actigraphy’s use as a diagnostic tool for OSA has had variable success [127,128,132] (see

section 3.3). Regardless, the Grey Flash device records actigraphy and so this can be used in

the analysis. Ideally, the approach taken for audio would provide similar results when applied

to actigraphy; and when the audio and actigraphy features are combined, performance could

be improved.

This chapter investigates the application of MSE and ISI to actigraphy first and then com-

bines audio, actigraphy, demographics, and ODI in order to discover the most predictive fea-

ture set for treatment vs. non-treatment.

6.2 Data

The data used in this chapter are the same as those in Chapter 5. See Table 5.4 for information

on the class demographics, and Table 4.2 for the overall subject demographics. It is important
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to note that the raw actigraphy signal is not available from the Grey Flash device, and that the

signal that is available has undergone a lot of preprocessing. The exact process that is carried

out is proprietary, but there is some form of averaging over the past x samples to compute the

current sample. This is not ideal, but is the only movement signal available. In addition, the

subjects are asked by the hospital to wear the box containing the accelerometer (see Figure

4.1) on their upper arm. The Grey Flash device has been designed to be worn on the chest

not the upper arm, and so it is not as stable as if it was worn on the chest. By being less

stable, the device moves more frequently, and movements not associated with OSA could be

exaggerated. This could also be a factor in the quality and reliability of the signal.

6.3 Methods

The methods used in this section of the analysis are actually the same as those used in Chapter

5. MSE is applied to the audio and actigraphy data; both ISI methods were also used on the

audio and actigraphy data; the demographics did not undergo any preprocessing. All features

from audio, actigraphy and demographics were classified using a RF, described in section 5.4.

Figure 6.1 shows the SpO2, airflow and actigraphy signals for three subjects; a normal subject,

a snorer and a subject with severe OSA. On the actigraphy channel for each subject there is

a black line: data above this line would be taken as the motion equivalent of snoring peaks.

Instead of being peaks in the audio signal, there are peaks in the motion signal where a micro-

arousal has occurred following an apnoea resulting in some physical activity [123]. It is clear

that there are two very different patterns, one for the snorer and normal subjects and another

for the apnoeic. However this is an unusual case; most of the severe apnoeic actigraphy

data actually looks similar to the normal/snorer data, which can be seen in Figure 6.2. This

figure clearly shows that for the apnoeic subject, the actigraphy does not reach the line used to

identify peaks. This results in the four metrics for the apnoeic subject being similar to those

of normal/snoring subjects.

6.4 Data Analysis Protocol

The procedure used to calculate the features has some overlap with section 5.5 in Chapter 5.
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(a) Normal subject

(b) Snoring subject

(c) Subject with severe OSA

Figure 6.1: Three examples of Grey Flash data; a normal subject, a snoring subject and a subject
with severe OSA. The black line on each of the actigraphy channels is used to represent the peaks that
the ISI captures; data points above this line would be taken to be peaks and used to calculate the four
metrics. The actigraphy signal for the snorer and normal subject have similar patterns to each other,
whereas the actigraphy signal for the subject with severe OSA has a completely different pattern. A.U.
= arbitrary units.
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Figure 6.2: Example of Grey Flash data for a subject with severe OSA. The black line on the actigraphy
channel is used to represent the peaks that the ISI captures; data points above this line would be taken
to be peaks and used to calculate the four metrics. The actigraphy signal for this subject has a similar
pattern to that of a normal/snoring subject (which can be seen in Figure 6.1), which is the case for most
of the subjects in the dataset. A.U. = arbitrary units.

6.4.1 Audio

The same audio features that were calculated as per section 5.5 were used in this part of the

analysis.

6.4.2 Actigraphy

The actigraphy data were analysed in a similar manner to the audio data. For MSE the same

240min that were used in the MSE calculation of the audio MSE coefficients were used, be-

ginning 30min into the recording and ending at 4.5h. The data were preprocessed by taking

the variance every 0.5, 1 or 2s and then the natural logarithm of that time series plus one was

taken. As can be seen in Figure 6.3, this process highlighted the peaks in the signal. Nine MSE

coefficients were calculated per subjects (τ = 1, 2, 4, 8, 16, 32, 65, 130, 180) for m = 1 : 1 : 8

and r = 0.1 : 0.05 : 0.25, which are the same parameter values as used in calculating MSE for

audio data.

ISI1 was calculated in the same way as for the audio data: the actigraphy data were down-

sampled to 1Hz, normalised over the entire night and the peaks were found. Similarly, ISI2

was calculated the same as for audio. In both cases, the same four metrics (D f ,Ds,Dm,Dh)

were calculated.
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(a) Snorer

(b) Apnoeic

Figure 6.3: The actigraphy signal, the downsampled actigraphy signal, and the downsampled and
ln-transformed actigraphy signal for a snorer and an apnoeic subject. A.U. = arbitrary units.
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6.4.3 Classification

The same classification procedure was used for actigraphy as for audio. Five-fold cross-

validation was carried out on the data where the folds are the same as those used in the audio

analysis. Each time, one fold was held separately to be the validation set (Xval) while the other

four folds were used as the design data set. Xdesign was further divided into training and test

data sets (70% and 30%) n times in order to find the best MSE downsampling rate (dsr), m

value and r value. This was done by using the RF to classify every possible combination of

dsr,m, r, carried out 5 times. The highest accuracy was noted along with the dsr,m, r combi-

nation that it corresponded to. The best overall combination was taken to be the one that was

chosen most often in the n iterations.

When the best dsr,m, r combination had been found using Xdesign, the full four folds were

used to train the classifiers and the untouched fold was used for validation. Both classifiers

were used to test all combinations of features, namely: MS E, IS I1, IS I2, MS E + IS I1,

MS E + IS I2, MS E + IS I1 + IS I2, MS E + IS I1 + IS I2 + demographics, MS E + IS I1 +

IS I2+ODI, and MS E+IS I1+IS I2+demographics+ODI. In each case, the MSE coefficients

that were used were those found in the first stage, i.e. the MSE coefficients that corresponded

to the dsr,m, r combination that gave the highest accuracy for both classifiers. The results

were noted for each feature combination, classifier and fold. For the RF, 500 trees were used

in the forest. Each tree split on three variables/features. The process was repeated twice with

a new seed for 2 × 106 iterations.

The next classification stage involved combining the audio and actigraphy features. This

was done using the best dsr,m, r combination per fold for both audio and actigraphy. These

18 features (9 audio MSE coefficients and 9 actigraphy MSE coefficients) were used as the

combined MSE feature vector. Similarly, the ISI features for both audio and actigraphy were

used as in the combined feature vector. It was then possible to test all combinations of com-

bined features as described above. Again, the exact same folds that were used in the audio and

actigraphy analysis were used for the combined features analysis.
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Table 6.1: The average performance statistics over all five folds (mean±σ) for different actigraphy
feature combinations on the validation data set when using a RF to classify subjects.

Features Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEact 6.9 ± 5.0 94.2 ± 4.5 43.6 ± 13.8 60.8 ± 5.7 59.4 ± 4.6 0.53 ± 0.03

ISI1 0.0 ± 0.0 99.4 ± 0.9 0.0 ± 0.0 60.3 ± 5.6 60.1 ± 5.8 0.49 ± 0.02
ISI2 0.6 ± 1.3 99.6 ± 0.9 50.0 ± 70.7 60.5 ± 5.6 60.5 ± 5.8 0.49 ± 0.03

MSEact+ISI1 6.5 ± 2.9 94.6 ± 1.4 41.8 ± 14.3 60.8 ± 5.5 59.8 ± 4.9 0.53 ± 0.04
MSEact+ISI2 5.5 ± 1.2 95.0 ± 1.2 42.5 ± 14.3 60.6 ± 5.1 59.7 ± 4.3 0.54 ± 0.04

MSEact+ISI1+ISI2 4.1 ± 2.7 95.0 ± 2.2 32.1 ± 18.5 60.3 ± 5.3 59.3 ± 5.2 0.53 ± 0.04
MSEact+ISI1+ISI2+demos 5.3 ± 1.7 95.4 ± 1.5 43.6 ± 14.2 60.7 ± 5.4 59.8 ± 4.8 0.51 ± 0.03
MSEact+ISI1+ISI2+ODI 7.3 ± 3.2 95.0 ± 2.8 51.0 ± 21.2 61.1 ± 5.5 60.1 ± 4.5 0.54 ± 0.02

MSEact+ISI1+ISI2+demos+ODI 6.7 ± 2.1 94.4 ± 4.4 49.0 ± 17.2 60.7 ± 5.4 59.6 ± 4.8 0.53 ± 0.02

6.5 Results

The results are divided into two sections: the actigraphy analysis and the combined audio and

actigraphy analysis.

6.5.1 Actigraphy Results

Figure 6.4 shows the MSE values at the different scale factors (τ) for all combinations of

m, r, dsr for a snoring subject and a severe apnoeic. This figure clearly shows that there are

only minor differences in the MSE value between the two subjects. Figure 6.5 shows the

number of times each MSE parameter combination was chosen per fold for both classifiers. It

is clear that there is little consistency across the five folds, indicating that the best parameter

combination for MSE of actigraphy is dependent on the data set, unlike MSE of audio. Figure

6.5 shows that when using RFs to choose the best parameter combination the results were: for

the first fold dsr = 0.5,m = 1, r = 0.15 which was chosen once. For the second fold, the best

parameter combination was dsr = 0.5,m = 5, r = 0.15, again chosen once. In the third fold,

the best parameter combination, chosen once, was dsr = 0.5,m = 2, r = 0.15 while in the

fourth fold, the best combination chosen once, was dsr = 0.5,m = 3, r = 0.1. In the fifth fold,

the combination chosen once was dsr = 0.5,m = 7, r = 0.1.

The average results over the five folds can be found in Table 6.1. The best results have

been highlighted in blue.
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(a) Snorer

(b) Severe apnoeic

Figure 6.4: Heatmaps illustrating the differences in MSE values at different scale factors for all com-
binations of m, r, dsr for a snoring subject and a severe apnoeic.
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(a) RF

Figure 6.5: Heatmap illustrating how often MSE parameter combinations for actigraphy were chosen
per fold for the RF.
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Table 6.2: The average performance statistics over all five folds (mean±σ) for different audio and
actigraphy feature combinations on the validation data set when using a RF to classify subjects.

Features Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEaud+act 63.9 ± 7.1 89.4 ± 3.1 79.4 ± 6.6 79.3 ± 4.3 79.5 ± 4.0 0.86 ± 0.04

ISI1 47.7 ± 6.1 81.4 ± 4.5 62.7 ± 7.5 70.3 ± 6.4 67.8 ± 3.6 0.71 ± 0.03
ISI2 49.2 ± 6.4 81.4 ± 4.2 63.3 ± 7.6 70.9 ± 6.5 68.4 ± 3.7 0.71 ± 0.03

MSEaud+act+ISI1 66.3 ± 5.5 86.7 ± 1.3 76.1 ± 5.4 79.7 ± 4.4 78.7 ± 2.7 0.87 ± 0.03
MSEaud+act+ISI2 67.2 ± 5.6 87.0 ± 2.4 76.7 ± 6.6 80.2 ± 4.5 79.1 ± 2.9 0.87 ± 0.03

MSEaud+act+ISI1+ISI2 66.0 ± 4.7 86.8 ± 1.4 76.0 ± 6.3 79.6 ± 3.9 78.6 ± 2.4 0.86 ± 0.03
MSEaud+act+ISI1+ISI2+demos 65.7 ± 6.1 86.5 ± 1.7 75.7 ± 5.8 79.4 ± 4.4 78.3 ± 3.0 0.86 ± 0.02
MSEaud+act+ISI1+ISI2+ODI 66.0 ± 4.9 86.1 ± 1.9 75.4 ± 5.1 79.5 ± 4.0 78.2 ± 1.5 0.86 ± 0.03

MSEaud+act+ISI1+ISI2+demos+ODI 66.7 ± 3.9 87.3 ± 1.1 77.1 ± 5.1 80.0 ± 4.2 79.1 ± 2.3 0.86 ± 0.03

6.5.2 Combined Feature Results

Using the best MSE parameter combinations picked for audio and actigraphy per fold, the

average results over the five folds can be found in Table 6.2, with the best results highlighted

in blue.

6.6 Discussion

6.6.1 Discussion of Actigraphy Results

From Figure 6.4 it is clear that MSE is not capturing much information that is different be-

tween the two subject types. The MSE values for both the snorer (Figure 6.4a) and the apnoeic

(Figure 6.4b) are low. The data used in these figures were taken from the same subject as in

Figure 5.7. Heatmaps of the MSE values for the audio data showed clear differences between

the two subjects, while there were only minor differences between the subjects for the actig-

raphy data.

The results of the search for the best dsr,m, r combination were very variable across the

five folds which can be clearly seen in Figure 6.5; there was no consistency in any of the three

parameters. With no consistency in the parameters chosen, it appears that MSE of actigraphy

is heavily dependent on the data available for analysis, indicated by the range of combinations

chosen per fold where different data is used in Xdesign. This is unlike MSE of audio using a RF,

in which the value of dsr and m are consistent while the value of r is more variable, regardless

of the data in Xdesign.

As can be seen in Table 6.1, actigraphy in not a good predictor for OSA. MSE is highly

specific (94.2%) with very poor sensitivity (6.9%). For the RF, the best results obtained used
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MS Eact + IS I1 + IS I2 + ODI, achieving Ac = 60.1% during validation.

There is no difference between the performance of ISI1 and ISI2. This is consistent with

ISI for audio data, indicating that the basic method (ISI1) for calculating the features is suf-

ficient. For the RF, performance is highly specific (99.5%) with very low sensitivity (0.3%)

and an accuracy of 60.2% during validation. Including demographics in the analysis does

not improve performance (Ac = 59.8%). In this case, including ODI in the analysis does not

improve any performance metric.

These results are consistent with the literature and are definitely not good enough to use to

classify subjects. It is possible that the preprocessing that is carried out internally by the Grey

Flash device on the actigraphy data or the fact that the accelerometer is worn on the upper

arm instead of the chest is causing the diminished performance. The preprocessing involves

averaging over x samples to calculate the current sample. This could lead to small movements

caused by micro-arousals being averaged out. Wearing the accelerometer on the arm instead

of the chest could cause two different movement artefacts. In the first instance, by wearing

the device on the upper arm, the accelerometer could be registering movements not related

to arousals from apnoea but movements caused by the device slipping due to an ill-fitting

connection. In the second case, wearing the accelerometer on the upper arm might lead to

the device not registering movements that occur in the lower arm, legs or torso associated

with arousal from apnoea. It is possible that the raw actigraphy signal could provide better

classification accuracy, however, with that data unavailable it is not possible to confirm this

hypothesis.

6.6.2 Discussion of Combined Feature Analysis

Table 6.2 shows that combining audio and actigraphy MSE features does not change the per-

formance achieved when using audio MSE alone, achieving 79.5% accuracy during validation

compared to 79.9%. The same can be said for combining audio and actigraphy ISI features;

accuracy does not change (Ac = 68%). The best combined features were MS Eaud+act + IS I +

demos + ODI, achieving an accuracy of 79.1%. However, this is worse than the accuracy

achieved using the best features for the audio analysis (MS Eaud + IS I +demos+ODI) (88.6%)

but better than that achieved using the best features for the actigraphy analysis (MS Eact +IS I+
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ODI) (60.1%). It is clear that actigraphy on its own is not capable of reliably detecting OSA,

and when combined with audio features, actually worsens the performance that was achieved

when using audio features alone.

Given that the accelerometer data do not add value in identifying the subjects as requiring

treatment or not, there is now a need to consider an external sensor. The obvious technology

to use here is pulse oximetry, as it achieves good performance (see section 3.4) and can easily

be recorded by a smartphone. The ODI used in the analyses thus far were computed by the

Visi-Download software using proprietary algorithms, obviously based on SpO2. It is possible

that a new implementation of the ODI could improve performance by including a measure of

signal quality to reject noisy segments of data. This technique has been investigated in the

next chapter.
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Chapter 7

PPG analysis

7.1 Introduction

PPG, from which SpO2 is derived, is a very useful signal for diagnosing OSA, particularly for

stratifying subjects’ severity. As can be seen from Chapters 5 and 6, ODI on its own gives

Ac = 88.7%; when combined with audio features, the accuracy remains at 88.6% with an

AUC of 0.96. It is clear that using PPG, and ODI in particular, improves the classification

accuracy to the high-80s. It is not clear whether signal quality is used in any way in the calcu-

lation of ODI as the Visi-Download software (from now on denoted ODIVIS I) is proprietary.

This chapter looks at recalculating the ODI in two ways; with and without considering sig-

nal quality. Using signal quality of the PPG signal is not a new concept; Sukor et al. [176]

used signal quality measures for pulse oximetry through waveform morphology analysis. The

proposed algorithm for automatic rejection of artefact-contaminated pulse oximetry wave-

forms was compared with a manually annotated gold standard. Fingertip PPG signals were

acquired from 13 healthy subjects (10 m, 3 f). Some unique waveform morphology features

were extracted from the PPG signals; these were taken to be correlated with signal quality.

A decision-tree classifier was used to arrive at a classification decision of whether to accept

the pulse or not. The algorithm achieved a mean κ (Cohen’s kappa coefficient) of 0.64±0.22

with Se = 89±10%, Sp = 77±19% and Ac = 83±11%. The authors concluded that it is possi-

ble to achieve automatic identification of signal artefact in the PPG signal through waveform

morphology analysis.

The SpO2 is not the only metric that can be derived from the raw PPG; it is also possible to
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obtain pulse rate (PR). A considerable amount of work has been carried out applying MSE to

HRV and there are distinct MSE curves for healthy, congestive heart failure and atrial fibrilla-

tion subjects, suggesting diagnostic use [168, 177]. OSA subjects have unusual HR dynamics

over the course of the night, related to the sleep stages, so it is expected that HRV would be a

useful feature. In particular, it is possible that MSE will reveal dynamics over multiple time

scales as it picks up short term HRV changes as well as long term variations. In addition, MSE

is robust to noise according to Costa et al. [177].

7.2 Data

The data used in this section of the analysis is the same as that used in the audio, actigraphy

and combined analyses. See Table 5.4 for information on the class demographics, and Table

4.2 for the overall subject demographics.

7.3 Methods

7.3.1 Pulse Detection and Signal Quality

Pulse detection and signal quality were calculated using the method proposed by Li & Clifford

[178]. Pulses are detected using wabp.c (an open source arterial blood pressure pulse detector

[179]1). Both time and amplitude thresholds are changed to fit PPG morphology (the slope

width of the rising edge of the pulse is changed from 130 to 170ms; the eye-closing period2

following each detected pulse is extended from 250 to 340ms in order to avoid the double

detection of the possible secondary peak of a PPG pulse). The length of a PPG pulse is

delimited by fiducial marks at the onset of the current pulse and the onset of the next pulse. If

no pulse is found 3s after the onset of any given pulse, the end of the pulse window is truncated

to 3s.

A PPG pulse template is generated by averaging every pulse in a window of 30s. PPG

is assumed to be quasi-periodic, and so the autocorrelation of each 30s of data is taken and

the length (L) between two main peaks of the autocorrelation sequence used to determine the

1From www.physionet.org
2A time period during which no pulse detection occurs
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average period of PPG pulses. The length of the PPG template is then set to L. In order to

derive the first template (T1), all the pulses in the 30s window are averaged, with each pulse

beginning at the fiducial mark (the onset of the pulse) and ending at the length of the template.

The correlation coefficients (C) between T1 and each pulse in the 30s window are calculated.

Any pulse with C < 0.8 is removed from the template and the average pulse is recalculated

from the remaining pulses to generate the second template (T2). If more than half of the pulses

are removed by this process T2 is deemed untrustworthy, and the template from the previous

window is used instead. If no previous window is available, the next 30s of data are used.

Template updating can be performed on a pulse-by-pulse basis, but only after classification of

a new incoming pulse is performed, which requires several other pulse analysis metrics first,

as described below.

Three signal quality indices (SQIs) are defined as follows:

• Direct matching SQI: The sampling point series of each pulse within the 30s window

is selected, beginning at the fiducial mark and ending at the length of the template (L).

The correlation coefficient is calculated with the template giving the direct matching

SQI (S QI1).

• Linear resampling SQI: Each pulse between two fiducial marks is linearly stretched (if

the length of the pulse is shorter than L) or compressed (if it is longer) to the length

of the template. The correlation coefficient is calculated as the linear resampling SQI

(S QI2).

• Clipping detection SQI: Periods of saturation to a maximum or a minimum value are

determined within each pulse. A hysteresis threshold (of 1 normalised unit) is defined

to determine the smallest fluctuation that should be ignored. Such samples are defined as

‘clipped’. The percentage of the pulse that is not clipped was defined to be the clipping

detection SQI (S QI3).

In S QI1 and S QI2, any negative values of the correlation coefficient (negative correlation) are

set to zero, so the value of each SQI ranges between 0 and 1 inclusively.
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7.4 Data Analysis Protocol

The first part of this work involved calculating the ODI and using SQIs to try to improve

the classification accuracy. Next MSE was applied to an approximate of HRV (pulse rate

variability (PRV)) data to distinguish between non-treatment and treatment subjects. Finally,

a similar analysis to that in section 6.4 was carried out, combining audio and PPG features with

the best ODI per fold replacing ODIVIS I . From Chapter 6, it was clear that actigraphy features

actually diminish classifier performance. Therefore, actigraphy features were not combined

with audio and PPG features.

7.4.1 ODI

Four different ODIs were calculated: ODI3b and ODI4b are basic calculations of ODI without

considering signal quality for dips of 3% or 4%; ODI3S QI and ODI4S QI use signal quality to

count the number of 3% or 4% dips in saturation. Initially, the saturation signal was scanned

through and the locations of all peaks were noted. The lowest point in the data between two

consecutive peaks was noted. If that lowest point was more than either 3 or 4% from the first

peak, with a following rise of threshold−1%, it was taken to be an actual dip in saturation. The

location of each of these dips was noted. For the basic ODI calculation (ODI3b and ODI4b),

the number of dips was summed over the entire night and divided by the number of hours of

sleep.

Figure 7.1 shows the dips that the dip detection algorithm identified for a normal subject

and a severe apnoeic. Dips are noted by a green plus sign and peaks by a red cross. It is clear

that the normal subject has one oxygen desaturation during this period and so only one dip is

identified. The apnoeic subject experiences multiple apnoeas which the algorithm identifies.

The locations of the dips for the basic ODI calculation were the starting point for the SQI

ODI calculation. For each dip, the average SQIs over the preceding 30s was noted. By varying

the SQI levels, it was possible to exclude dips of low quality, i.e. those dips that were likely

due to artefacts. Each SQI, as well as the average of all three SQIs, was varied between zero

and 100 (0 : 5 : 100); if the average SQI for the preceding 30s to the current dip was less than

the threshold, the dip was excluded from the analysis. This caused the ODI to decrease as the

SQI threshold increased.
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(b) Severe apnoeic

Figure 7.1: The dip detection algorithm identifying dips (green plus signs) and peaks (red crosses) for
a normal subject and a severe apnoeic.
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7.4.2 Pulse Rate and MSE of Pulse Rate Variability

Costa et al. [177] applied MSE to the RR time series generated from ECG signals. In that

instance, the R peaks of the ECG signal were detected and the RR time series was generated

by taking the intervals between the R peaks. In this case, the locations (in samples) of each

pulse were found using the PPG pulse detection algorithm described in section 7.3.1. Although

not based on the ECG, an approximation of the RR interval time series was found by taking

the time interval between successive pulses detected in the PPG. This resulted in an unevenly

sampled time series. According to Costa et al. [177], outliers can be excluded one of two

ways: by removing outliers prior to applying MSE or by using an r value that is calculated

by excluding the outliers. The first method was chosen and any pulse-to-pulse (PP) intervals

that had changed by more than 20% over the previous PP interval were removed. This method

is based on the work of Clifford et al. [180] and removed any outliers, artefacts and ectopic

pulses. This process, as well as the pulse detection algorithm, caused periods of missing

data. In order to ensure that all subjects had four full hours of data for the MSE analysis,

periods of missing data were identified by searching for PP intervals that were greater than

two (which is physiologically impossible). The lengths of these missing data periods were

replaced by multiple values of the mean PP interval, i.e. if the period was 10s long and the

mean PP interval was 1s then ten PP interval values of 1s were entered into the time series

in place of the missing data section. MSE was then applied to this time series in a similar

manner to audio and actigraphy. The same 240min of data were analysed, beginning 30min

into the recording and ending at 4.5h. Nine MSE coefficients were calculated per subject

(τ = 1, 2, 4, 8, 16, 32, 65, 130, 180) for m = 1 : 1 : 8 and r = 0.1 : 0.05 : 0.25; all were used as

inputs to the classifiers.

7.4.3 Classification

It should be noted that the exact same folds that were used in the audio analysis have been

used in all parts of this analysis (ODI, PRV MSE and combination). The classifiers used the

same parameter as in Chapters 5 and 6 for the MSE of PRV and data combination analyses.
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7.4.3.1 ODI search

Five-fold cross-validation was carried out (the same five folds as in the other parts of the

analysis). Each time, one fold was held separately to be the validation set (Xval). The other

four folds (Xdesign) were used to find the best ODI3b, ODI4b, ODI3S QI and ODI4S QI .

For the basic ODI, the training data was thresholded between the minimum and maximum

values. The performance statistics were noted for each of the thresholds. The threshold that

gave the highest Ac was taken to be the threshold for the validation data. The results for both

training and validation data were noted for each fold. This was done for both ODI3b and

ODI4b.

The analysis for the SQI ODIs was more complex. For each of the four SQIs (three and

the average of the three), the SQI threshold was varied, 0 : 5 : 100, and those dips with a

SQI below the SQI threshold were removed and the ODI recalculated. The data in Xdeisgn for

each of the 21 SQI thresholds were further divided into training (70%) and test (30%) 100

times. The training data was thresholded between the minimum and maximum values and

the performance statistics noted. The threshold that gave the highest Ac was taken as the

threshold for the test data and the performance statistics for both training and test was noted.

The highest Ac on the training data for the SQI thresholds (0 : 5 : 100) was noted, as was the

corresponding SQI threshold. When the 100 iterations were finished, the SQI threshold that

occurred most often was taken to be the best SQI threshold for that ODI. Once that was found,

the full training data, i.e. all of Xdesign, was used to find the threshold that gave the highest Ac.

Once this had been done for each of the SQIs, the SQI with the highest Ac was taken to be the

best ODI for that fold. This ODI was taken to be the ODI for the training data. Similar to the

basic ODI analysis, the training data was thresholded between the minimum and maximum

values. The performance statistics were noted for each of the thresholds. The threshold that

gave the highest Ac was taken to be the threshold for the validation data. The results for both

training and validation data were noted for each fold, along with the number of times each

SQI was chosen and the corresponding SQI threshold that was used. This was done for both

ODI3S QI and ODI4S QI .
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7.4.3.2 MSE of PRV

The same classification process was used for PRV as for audio and actigraphy, except there

was no downsampling rate to find, just the best m, r combination. Five-fold cross-validation

was carried out on the data. Each time, one fold was held separately to be the validation set

(Xval). The other four folds (Xdesign) were further divided into training and test data sets (70%

and 30%) n times in order to find the best MSE m value and r value. For LDA this was carried

out 100 times where the MSE coefficients were normalised (zero mean and unit variance based

on the training data); for the RF, this process was carried out 5 times. The difference was due

to computation time. The highest accuracy was noted along with the m, r combination that it

corresponded to. The best overall combination was taken to be the one that was chosen most

often in the n iterations.

When the best m, r combination had been found using the training and test data, the full

four folds (i.e. all of Xdesign) were used as training and the untouched fold was used for vali-

dation (Xval). Both classifiers were used to test all combinations of features, namely: MS E,

MS E + demographics, MS E + ODI, and MS E + demographics + ODI. In each case, the

MSE coefficients that were used were those found in the first stage, i.e. the MSE coefficients

that corresponded to the m, r combination that gave the highest accuracy for each classifier.

The results were noted for each feature combination, classifier and fold.

For LDA, any missing data in Xdesign were mean imputed and then normalised (zero mean

and unit variance based on Xdesign). A multivariate normal density was fitted to each group

with a diagonal covariance matrix estimate (essentially a naive Bayes classifier). Naive Bayes

classification assumes that all features are independent within each class. Although this as-

sumption is not true in this case, these classifiers are known to work well even when the

independence assumption is not valid, and so it is possible to use them to estimate classi-

fication accuracy. For the RF, 500 trees were used in the forest. Each tree split on three

variables/features. The process was repeated twice with a new seed for 2 × 106 iterations.

7.4.3.3 Feature combination

As seen in Chapter 6, combining audio and actigraphy features did not result in improved

performance over that achieved using audio features alone. As such, only audio and PRV
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Table 7.1: The average performance statistics for training (Train) and validation (Val) over all five
folds (mean±σ) for the basic ODI calculation.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
ODI3b Train 81.8 ± 4.4 89.2 ± 3.0 83.4 ± 3.6 88.3 ± 2.2 86.3 ± 0.6 0.93 ± 0.00

Val 82.9 ± 5.3 89.9 ± 3.6 84.5 ± 4.3 88.7 ± 4.5 87.1 ± 2.3 0.93 ± 0.02
ODI4b Train 70.1 ± 3.1 94.7 ± 1.4 89.7 ± 2.0 82.9 ± 1.7 85.0 ± 0.6 0.91 ± 0.01

Val 70.1 ± 3.5 94.5 ± 1.4 89.0 ± 3.5 82.7 ± 4.3 84.7 ± 1.9 0.91 ± 0.02

Table 7.2: The average performance statistics from training (Train) and validation (Val) over all five
folds (mean±σ) for the SQI ODI calculation.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
ODI3S QI Train 80.5 ± 0.9 92.4 ± 0.8 87.4 ± 1.1 87.9 ± 0.8 87.7 ± 0.6 0.93 ± 0.00

Val 79.7 ± 3.6 92.0 ± 2.3 86.7 ± 3.6 87.2 ± 3.7 87.1 ± 2.7 0.94 ± 0.02
ODI4S QI Train 77.1 ± 0.8 92.5 ± 0.6 87.1 ± 1.0 86.1 ± 0.9 86.5 ± 0.4 0.92 ± 0.00

Val 76.6 ± 1.3 92.2 ± 2.2 86.6 ± 2.9 85.6 ± 3.1 86.0 ± 1.9 0.92 ± 0.02

features were combined. The best dsr,m, r combination for audio per fold was combined with

the best m, r combination for PRV into a MSE feature vector, i.e. the best nine audio MSE

coefficients per subject were concatenated with the best nine PRV MSE coefficients. The ISI

audio features stood alone, as the PRV analysis did not include them. Once this was done, it

was possible to test all combinations of combined features3. However, the ODI used changed,

depending on which approach gave the best classification accuracy for that fold.

7.5 Results

Three different analyses have been carried out: using the different ODI calculations to classify

subjects; applying MSE to the PP intervals obtained from pulses detected in the PPG signal;

combining audio, actigraphy, PP features with the different ODI calculations.

7.5.1 ODI Results

Figures 7.2 and 7.3 show how the accuracy of the ODI estimate changes depending on which

SQI threshold is used, averaged across all five folds. The mean is the blue line, while the

mean±σ are the dashed green lines. The results for the basic ODI calculation can be found in

Table 7.1, while the results for the best SQI ODI can be found in Table 7.2.

3MS E, IS I1, IS I2, MS E + IS I1, MS E + IS I2, MS E + IS I1 + IS I2, MS E + IS I1 + IS I2 +

demographics, MS E + IS I1 + IS I2 + ODI, and MS E + IS I1 + IS I2 + demographics + ODI
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(a) SQI1, Train (b) SQI1, Val

(c) SQI2, Train (d) SQI2, Val

(e) SQI3, Train (f) SQI3, Val

(g) SQI4, Train (h) SQI4, Val

Figure 7.2: The accuracy of the ODI at varying levels of the SQI threshold across the five folds. The
results (mean ±σ) are shown for training (Train) and validation (Val) using 3%, or more, dips.
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(a) SQI1, Train (b) SQI1, Val

(c) SQI2, Train (d) SQI2, Val

(e) SQI3, Train (f) SQI3, Val

(g) SQI4, Train (h) SQI4, Val

Figure 7.3: The accuracy of the ODI at varying levels of the SQI threshold across the five folds. The
results (mean ±σ) are shown for training (Train) and validation (Val) using 4%, or more, dips.
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7.5.2 MSE of PRV Results

Figure 7.4 shows the MSE values at the different scale factors (τ) for all combinations of m, r

for a snoring subject and a severe apnoeic. This figure indicates that there are differences in

the MSE value between the two subjects.

Figure 7.5 shows the number of times each MSE parameter combination was chosen per

fold for both classifiers. Figure 7.5a shows that when using LDA to choose the best parameter

combination, the results were: for the first, second and fifth folds, the best MSE parameter

combination was m = 1, r = 0.2 chosen 46, 38 and 56 times respectively. For the third

and fourth folds the best combination chosen was m = 1, r = 0.25 chosen 42 and 34 times

respectively. In fact, m = 1 was chosen more than 90% of the times across the folds (95,

91, 93, 92, and 93% respectively). Figure 7.5b shows that when using a RF to choose the best

parameter combination the results were: for the first fold, the best MSE parameter combination

was m = 1, r = 0.2 which was chosen 3 times. This combination was chosen again in the

third (two times) and fourth (three times) folds. In the second fold, the best combination

was m = 1, r = 0.25 chosen two times. For the fifth fold, the best combination chosen was

m = 1, r = 0.1 chosen twice. As for LDA, the value of m appears to be more important than

the tolerance (r). In each of the folds, m = 1 was chosen more than 80% of the time (100, 100,

80, 100 and 100% respectively).

The average results over the five folds when using LDA can be found in Table 7.3 while the

RF results can be found in Table 7.4. The best performance for both classifiers is highlighted

in blue. Boxplots of the predictions can be found in Figures 7.6 and 7.8, while ROC curves

can be found in Figures 7.7 and 7.9.

Table 7.3: The average performance statistics over all five folds (mean±σ) for different PPG feature
combinations on both the training (Train) and validation (Val) data sets when using LDA to classify
subjects.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEprv Train 50.4 ± 5.0 85.3 ± 2.7 69.3 ± 2.1 72.5 ± 0.8 71.6 ± 1.0 0.73 ± 0.01

Val 50.5 ± 5.4 85.0 ± 7.6 69.3 ± 13.7 72.4 ± 4.6 71.0 ± 3.9 0.72 ± 0.04
MSEprv+demos Train 64.5 ± 2.1 81.1 ± 1.9 69.1 ± 1.4 77.8 ± 1.5 74.6 ± 1.4 0.79 ± 0.01

Val 63.0 ± 7.6 77.3 ± 4.6 65.6 ± 8.0 75.0 ± 7.4 71.0 ± 3.8 0.78 ± 0.04
MSEprv+ODI Train 60.4 ± 0.7 99.2 ± 0.4 98.0 ± 0.8 79.3 ± 0.8 83.9 ± 0.6 0.93 ± 0.01

Val 60.6 ± 3.5 99.2 ± 0.9 98.0 ± 2.0 79.4 ± 4.9 84.0 ± 3.5 0.93 ± 0.02
MSEprv+demos+ODI Train 65.0 ± 1.5 94.2 ± 0.7 88.0 ± 1.0 80.5 ± 1.0 82.7 ± 0.9 0.91 ± 0.01

Val 63.3 ± 7.0 93.2 ± 3.8 86.2 ± 8.6 78.4 ± 7.0 80.8 ± 5.5 0.90 ± 0.04
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(a) Snorer

(b) Severe apnoeic

Figure 7.4: Heatmaps illustrating the differences in PRV MSE values at different scale factors for all
combinations of m, r for a snoring subject and a severe apnoeic.
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(a) LDA

(b) RF

Figure 7.5: Heatmaps showing how often MSE parameter combinations using PRV were chosen per
fold for the different classifiers.
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(a) MSEprv (b) MSEprv+demos

(c) MSEprv+ODI (d) MSEprv+demos+ODI

Figure 7.6: Boxplots of the LDA predictions on the validation data over all five folds for the different
PRV feature combinations for the PRV analysis.

(a) MSEprv (b) MSEprv+demos

(c) MSEprv+ODI (d) MSEprv+demos+ODI

Figure 7.7: ROC curves of the LDA predictions on the validation data over all five folds for the different
PRV feature combinations for the PRV analysis. Red = fold 1, green = fold 2, blue = fold 3, cyan =

fold 4, magenta = fold 5.
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Table 7.4: The average performance statistics over all five folds (mean±σ) for different PPG feature
combinations on the validation data set when using a RF to classify subjects.

Features Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEprv 54.9 ± 4.2 85.3 ± 5.4 70.7 ± 12.0 74.3 ± 3.8 73.1 ± 2.8 0.77 ± 0.04

MSEprv+demos 63.5 ± 5.6 84.1 ± 3.2 72.0 ± 7.3 77.8 ± 4.9 75.9 ± 3.1 0.83 ± 0.02
MSEprv+ODI 87.4 ± 4.6 90.5 ± 2.6 85.7 ± 4.0 91.3 ± 4.2 89.2 ± 3.0 0.95 ± 0.01

MSEprv+demos+ODI 86.1 ± 5.7 90.9 ± 1.9 86.0 ± 2.4 90.5 ± 5.0 88.8 ± 3.0 0.96 ± 0.01

(a) MSEprv (b) MSEprv+demos

(c) MSEprv+ODI (d) MSEprv+demos+ODI

Figure 7.8: Boxplots of the RF predictions on the validation data over all five folds for the different
PPG feature combinations for the PRV analysis.
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(a) MSEprv (b) MSEprv+demos

(c) MSEprv+ODI (d) MSEprv+demos+ODI

Figure 7.9: ROC curves of the RF predictions on the validation data over all five folds for the different
PRV feature combinations for the PRV analysis. Red = fold 1, green = fold 2, blue = fold 3, cyan =

fold 4, magenta = fold 5.
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7.5.3 Combined Feature Results

When excluding actigraphy, i.e. using audio, PPG and demographics, the average results over

the five folds when using LDA can be found in Table 7.5 while the RF results can be found

in Table 7.7. The best MSE parameter combinations picked for audio and PRV per fold have

been used, along with the best ODI calculation for that fold. The best results are highlighted

in blue. Tables 7.6 and 7.8 show the NRI or IDI and corresponding p value obtained when the

different ODI calculations are compared. In all cases the features used are MS E + IS I + ODI,

where the only difference between the models is the ODI value.

Table 7.9 shows the best performance on the validation data set for each of the feature sets

along with the performance obtained using ODIVIS I alone for comparison.

Figure 7.10 shows scatter plots of the prediction by MS Eaud vs the ODI3b value. This

figure illustrates whether MS Eaud adds any value to ODI3b. Figures 7.10a and 7.10b show the

TP, TN,FP, FN for MS Eaud and ODI3b respectively, while Figures 7.10c and 7.10d highlight

the cases where MS Eaud predicts incorrectly but ODI3b predicts the outcome correctly and

ODI3b predicts incorrectly but MS Eaud predicts correctly, respectively.

7.6 Discussion

7.6.1 Discussion of ODI Results

Figures 7.2 and 7.3 demonstrate that, regardless of the SQI threshold used, the results remain

similar up to a point. That is, for 3% dips, this SQI threshold is 90, 85, 80 and 85 while for

4% dips, this SQI threshold is 90, 85, 85 and 85 for S QI1, S QI2, S QI3 and S QI4 respectively.

This is confirmed in Tables 7.1 and 7.2, where for both the basic ODI calculation and the SQI

ODI, using 3% dips out-performs 4% dips. Table 7.1 shows that ODI3b achieved Ac = 86.3%

in training and 87.1% during validation, while Table 7.2 shows that ODI3S QI achieves Ac =

87.7% in training and 87.1% during validation. Comparing the two tables shows that the use

of SQIs only improves performance marginally, however performance is not as good as that

achieved for ODIVIS I in table 5.2 (AC = 87.1% compared to 88.7%).

It is interesting to note that ODIS QI consistently achieves better performance when com-

bined with other features (audio-derived, actigraphy-derived, PPG-derived or demographics),
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Table 7.5: The average performance statistics over all five folds (mean±σ) for different audio and
PPG feature combinations on both the training (Train) and validation (Val) data sets when using LDA
to classify subjects.

Features Data Set Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEaud+prv Train 52.9 ± 3.8 81.5 ± 5.9 65.8 ± 5.1 72.6 ± 1.5 70.3 ± 2.5 0.74 ± 0.02

Val 54.4 ± 8.8 79.7 ± 5.4 63.8 ± 6.6 72.7 ± 6.8 69.3 ± 2.5 0.73 ± 0.03
ISI1 Train 33.2 ± 3.9 85.2 ± 2.1 59.4 ± 1.0 66.1 ± 1.7 64.7 ± 1.5 0.65 ± 0.01

Val 34.4 ± 6.4 85.5 ± 1.5 60.3 ± 4.9 66.5 ± 6.9 65.1 ± 5.5 0.65 ± 0.03
ISI2 Train 33.2 ± 3.9 85.2 ± 2.1 59.4 ± 1.0 66.1 ± 1.7 64.7 ± 1.5 0.65 ± 0.01

Val 34.4 ± 6.4 85.5 ± 1.5 60.3 ± 4.9 66.5 ± 6.9 65.1 ± 5.5 0.65 ± 0.03
MSEaud+prv+ISI1 Train 57.4 ± 2.6 81.3 ± 3.7 67.0 ± 2.7 74.5 ± 1.2 71.9 ± 1.5 0.76 ± 0.01

Val 57.4 ± 9.3 79.1 ± 6.8 64.5 ± 9.7 73.9 ± 6.7 70.3 ± 4.4 0.76 ± 0.04
MSEaud+prv+ISI2 Train 57.4 ± 2.6 81.3 ± 3.7 67.0 ± 2.7 74.5 ± 1.2 71.9 ± 1.5 0.76 ± 0.01

Val 57.4 ± 9.3 79.1 ± 6.8 64.5 ± 9.7 73.9 ± 6.7 70.3 ± 4.4 0.76 ± 0.04
MSEaud+prv+ISI1+ISI2 Train 59.5 ± 1.9 79.1 ± 2.3 65.1 ± 1.4 74.9 ± 1.3 71.4 ± 1.2 0.76 ± 0.01

Val 58.3 ± 11.2 79.5 ± 6.8 65.0 ± 11.1 74.4 ± 7.7 70.9 ± 6.5 0.76 ± 0.04
MSEaud+prv+ISI1+ISI2+demos Train 65.6 ± 1.0 81.3 ± 2.2 69.7 ± 1.3 78.3 ± 1.4 75.1 ± 1.5 0.81 ± 0.01

Val 63.7 ± 9.1 80.4 ± 3.7 68.7 ± 8.5 76.1 ± 7.2 73.3 ± 4.5 0.81 ± 0.03
MSEaud+prv+ISI1+ISI2+ODIVIS I Train 65.2 ± 3.5 91.4 ± 2.7 83.4 ± 4.0 80.1 ± 1.4 81.1 ± 1.5 0.89 ± 0.01

Val 64.7 ± 6.0 90.8 ± 3.3 82.0 ± 6.2 79.6 ± 5.8 80.5 ± 4.5 0.89 ± 0.03
MSEaud+prv+ISI1+ISI2+demos+ODIVIS I Train 68.5 ± 2.3 91.0 ± 1.2 83.3 ± 1.9 81.6 ± 1.5 82.1 ± 1.3 0.89 ± 0.01

Val 67.1 ± 3.4 90.8 ± 2.1 83.3 ± 4.3 79.7 ± 5.3 81.0 ± 2.9 0.89 ± 0.02
MSEaud+prv+ISI1+ISI2+ODI3b Train 61.5 ± 3.3 82.9 ± 3.3 70.4 ± 3.4 76.7 ± 1.6 74.5 ± 1.7 0.80 ± 0.01

Val 59.2 ± 8.9 82.8 ± 6.2 69.4 ± 9.6 75.5 ± 6.6 73.2 ± 4.8 0.79 ± 0.05
MSEaud+prv+ISI1+ISI2+demos+ODI3b Train 67.0 ± 1.0 84.1 ± 1.9 73.5 ± 1.2 79.6 ± 1.1 77.4 ± 1.1 0.84 ± 0.01

Val 65.4 ± 7.6 83.8 ± 4.1 73.3 ± 8.1 77.5 ± 7.1 76.0 ± 4.7 0.83 ± 0.03
MSEaud+prv+ISI1+ISI2+ODI4b Train 60.6 ± 2.9 81.6 ± 3.1 68.4 ± 2.7 76.0 ± 1.7 73.3 ± 1.7 0.79 ± 0.01

Val 59.1 ± 9.5 80.9 ± 6.6 67.0 ± 10.1 75.1 ± 6.8 72.0 ± 5.0 0.78 ± 0.05
MSEaud+prv+ISI1+ISI2+demos+ODI4b Train 66.4 ± 0.8 83.1 ± 2.0 72.0 ± 1.3 79.1 ± 1.4 76.5 ± 1.3 0.83 ± 0.01

Val 63.8 ± 8.4 82.2 ± 3.7 70.8 ± 7.9 76.4 ± 7.5 74.3 ± 4.8 0.82 ± 0.03
MSEaud+prv+ISI1+ISI2+ODI3S QI Train 62.5 ± 3.2 87.7 ± 4.4 77.5 ± 6.0 78.2 ± 1.2 77.8 ± 1.9 0.84 ± 0.01

Val 60.2 ± 6.8 87.0 ± 4.6 75.4 ± 7.7 76.7 ± 6.2 76.2 ± 4.2 0.84 ± 0.03
MSEaud+prv+ISI1+ISI2+demos+ODI3S QI Train 67.2 ± 2.4 88.3 ± 2.2 79.0 ± 2.1 80.5 ± 1.4 80.0 ± 1.4 0.87 ± 0.01

Val 65.2 ± 6.0 88.3 ± 2.9 79.3 ± 5.8 78.3 ± 5.9 78.7 ± 2.9 0.87 ± 0.01
MSEaud+prv+ISI1+ISI2+ODI4S QI Train 61.3 ± 3.8 85.0 ± 4.5 73.3 ± 4.9 77.1 ± 1.3 75.7 ± 1.4 0.81 ± 0.02

Val 59.5 ± 8.0 84.0 ± 7.0 71.5 ± 10.2 75.9 ± 6.4 74.1 ± 4.7 0.81 ± 0.04
MSEaud+prv+ISI1+ISI2+demos+ODI4S QI Train 66.4 ± 1.2 86.0 ± 3.2 75.7 ± 3.5 79.6 ± 1.2 78.2 ± 1.9 0.85 ± 0.01

Val 65.1 ± 5.2 85.8 ± 4.6 75.9 ± 8.2 77.8 ± 5.9 77.1 ± 3.6 0.84 ± 0.02

Table 7.6: The NRI and corresponding p value obtained when comparing the predictions across all five
folds using the different ODI calculations. Audio-derived and PPG-derived features plus demographics
have been classified using LDA. The ‡ denotes those NRI values that are significant.

ODIVIS I ODI3b ODI4b ODI3S QI ODI4S QI

NRI p NRI p NRI p NRI p NRI p
ODIVIS I - - -0.072 0.000‡ -0.100 0.000‡ -0.036 0.004 -0.060 0.000‡
ODI3b 0.072 0.000 - - -0.028 0.002 0.036 0.029 0.011 0.394
ODI4b 0.100 0.000 0.028 0.002 - - 0.064 0.000 0.040 0.009

ODI3S QI 0.036 0.004 -0.036 0.029 -0.064 0.000 - - -0.024 0.027
ODI4S QI 0.060 0.000 -0.011 0.394 -0.040 0.009 0.024 0.027 - -
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Table 7.7: The average performance statistics over all five folds (mean±σ) for different audio and
PPG feature combinations on the validation data set when using a RF to classify subjects.

Features Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC
MSEaud+prv 69.2 ± 5.3 88.0 ± 2.7 78.8 ± 5.4 81.4 ± 4.3 80.7 ± 3.3 0.88 ± 0.03

ISI1 47.2 ± 4.1 81.5 ± 6.3 62.9 ± 10.6 70.2 ± 5.2 67.7 ± 3.2 0.72 ± 0.04
ISI2 47.5 ± 3.6 82.1 ± 5.7 63.7 ± 10.1 70.4 ± 5.0 68.2 ± 2.4 0.72 ± 0.04

MSEaud+prv+ISI1 71.0 ± 3.2 87.6 ± 2.9 78.4 ± 7.8 82.2 ± 3.4 81.0 ± 2.3 0.88 ± 0.03
MSEaud+prv+ISI2 71.8 ± 4.9 87.2 ± 2.3 78.1 ± 6.3 82.4 ± 4.9 81.0 ± 3.0 0.88 ± 0.03

MSEaud+prv+ISI1+ISI2 71.9 ± 4.7 87.5 ± 2.1 78.6 ± 5.6 82.6 ± 4.3 81.3 ± 3.2 0.88 ± 0.03
MSEaud+prv+ISI1+ISI2+demos 73.3 ± 5.4 88.0 ± 3.1 79.9 ± 5.5 83.3 ± 4.9 82.2 ± 3.1 0.89 ± 0.03

MSEaud+prv+ISI1+ISI2+ODIVIS I 84.2 ± 2.7 90.8 ± 2.2 85.5 ± 3.8 89.6 ± 2.9 88.1 ± 0.9 0.96 ± 0.01
MSEaud+prv+ISI1+ISI2+demos+ODIVIS I 85.1 ± 4.2 90.1 ± 3.1 85.0 ± 3.9 89.8 ± 4.3 88.0 ± 2.9 0.96 ± 0.01

MSEaud+prv+ISI1+ISI2+ODI3b 82.5 ± 3.0 90.7 ± 1.8 85.2 ± 2.9 88.6 ± 3.5 87.4 ± 2.0 0.95 ± 0.01
MSEaud+prv+ISI1+ISI2+demos+ODI3b 83.4 ± 2.4 91.1 ± 2.1 85.9 ± 3.7 89.1 ± 3.3 88.0 ± 2.0 0.95 ± 0.01

MSEaud+prv+ISI1+ISI2+ODI4b 80.2 ± 3.6 90.2 ± 3.5 84.1 ± 5.6 87.1 ± 4.0 86.1 ± 3.6 0.94 ± 0.01
MSEaud+prv+ISI1+ISI2+demos+ODI4b 81.7 ± 4.6 90.6 ± 1.5 84.7 ± 3.9 88.1 ± 3.7 87.0 ± 2.4 0.94 ± 0.01

MSEaud+prv+ISI1+ISI2+ODI3S QI 83.4 ± 2.1 90.9 ± 2.8 85.7 ± 4.3 89.1 ± 3.1 87.9 ± 2.3 0.95 ± 0.01
MSEaud+prv+ISI1+ISI2+demos+ODI3S QI 82.8 ± 3.0 90.7 ± 1.5 85.3 ± 2.0 88.7 ± 3.3 87.5 ± 2.3 0.95 ± 0.01

MSEaud+prv+ISI1+ISI2+ODI4S QI 80.7 ± 3.2 91.1 ± 2.3 85.5 ± 4.0 87.6 ± 3.6 86.9 ± 2.9 0.94 ± 0.01
MSEaud+prv+ISI1+ISI2+demos+ODI4S QI 81.3 ± 2.7 91.3 ± 2.0 85.9 ± 2.9 87.9 ± 3.3 87.3 ± 2.5 0.94 ± 0.01

Table 7.8: The IDI and corresponding p value obtained when comparing the predictions across all five
folds using the different ODI calculations. Audio-derived and PPG-derived features plus demographics
have been classified using the RF. The ‡ denotes those IDI values that are significant.

ODIVIS I ODI3b ODI4b ODI3S QI ODI4S QI

IDI p IDI p IDI p IDI p IDI p
ODIVIS I - - -0.036 0.000‡ -0.055 0.000‡ -0.033 0.000‡ -0.047 0.000‡
ODI3b 0.036 0.000 - - -0.019 0.000 0.003 0.365 -0.011 0.014
ODI4b 0.055 0.000 0.019 0.000 - - 0.022 0.000 0.008 0.033

ODI3S QI 0.033 0.000 -0.003 0.365 -0.022 0.000 - - -0.014 0.001
ODI4S QI 0.047 0.000 0.011 0.014 -0.008 0.033 0.014 0.001 - -

Table 7.9: The best performance for the validation data set for each set of features (audio, actigraphy,
audio+actigraphy, PRV, audio+PRV) along with the performance obtained using ODIVIS I .

Features Classifier Validation Performance
Se (%) Sp (%) PPV (%) NPV (%) Ac (%) AUC

MSEaud+ISI1+ISI2+demos+ODI RF 84.6 ± 4.1 91.3 ± 2.0 86.3 ± 3.1 89.9 ± 3.7 88.6 ± 1.8 0.96± 0.01
MSEprv+ODI RF 87.4 ± 4.6 90.5 ± 2.6 85.7 ± 4.0 91.3 ± 4.2 89.2 ± 3.0 0.95 ± 0.01

MSEaud+prv+ISI1+ISI2+demos+ODI3b RF 83.4 ± 2.4 91.1 ± 2.1 85.9 ± 3.7 89.1 ± 3.3 88.0 ± 2.0 0.95 ± 0.01
ODIVIS I (15) - 85.3 90.9 86.2 90.3 88.7 -

ODI3b - 82.9 ± 5.3 89.9 ± 3.6 84.5 ± 4.3 88.7 ± 4.5 87.1 ± 2.3 0.95 ± 0.02

139



(a) Audio MSE prediction (b) ODI3b prediction

(c) Aud pred incorrect, ODI3b correct (d) ODI3b incorrect, Aud pred correct

Figure 7.10: Scatter plots of audio MSE prediction value vs ODI3b value, highlighting where MSE
predicts the outcome correctly and ODI does not, and vice versa.
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which can be seen in Tables 7.5 and 7.7.

7.6.2 Discussion of PRV Results

Figure 7.4 shows the MSE values for different combinations of m and r. As with Figures 5.7

and 6.4, the MSE values have been calculated for the same subjects. Although not as clear as

in Figure 5.7, there are some differences between the two subjects. This indicates that MSE

of PRV might be able to identify subjects requiring treatment from those who do not.

The search for the best m, r combination is consistent across all five folds which can be

clearly seen in Figure 7.5, for both LDA and the RF. Based on the results, m = 1 and r =

0.2 or r = 0.25 are the optimal choice. It is clear that the m value is the most important

parameter while the tolerance level (r) chosen is less important. This is similar to the audio

MSE parameter search, where m = 1 was also chosen by the RF, while for LDA the tolerance

level was more important. Both classifiers chose an m value of 1, which is not reflected

in the differences between the snoring subject and the severe apnoeic in Figure 7.4. This

indicates that the subjects chosen do not have MSE values that are indicative of the differences

between the two classes, although they do emphasise the differences for the audio MSE values.

Therefore, it is possible that there may be certain cases where audio MSE can identify subjects

correctly that PRV MSE does not, and vice versa.

As can be seen from Tables 7.3 and 7.4, the best performance is obtained when using

MS Eprv + ODI in the analysis. LDA achieved Ac = 83.9% in training and Ac = 84.0% during

validation. The RF achieved Ac = 89.2% during validation. Figures 7.6c and 7.8c shows that

there is good separation between the two classes, which is confirmed in Figures 7.7c and 7.9c.

For LDA, MS Eprv achieves Se = 50.5% and Sp = 85.0% during validation. Using the

RF, MSE is more specific (85.3%) than sensitive (54.9%). The accuracy of MSE when using

LDA is 71.6% which is similar to that achieved when using the RF (73.1%). Figures 7.6a

and 7.8a both show that, although there is good separation between the median values of the

two classes, there is overlap between the 25th percentile of the mild OSA cases and the 25th

percentile of the moderate OSA cases. There is even overlap between the 75th percentile of

mild OSA cases and the 25th percentile of the severe OSA cases.

When combining features, demographics and ODI consistently improve performance for
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both classifiers. Demographics improve performance only when combined with the PRV fea-

tures, however, when all features are combined (MS E + demo + ODI), demographics actually

worsen performance slightly when compared to MS E+ODI. This indicates that when the ODI

is unavailable, demographics can be used, in combination with MS Eprv to give an accuracy of

75.9% when using a RF (improved from 73.1% when using MS E alone).

These results are promising, and have improved on the results obtained using MSE of

actigraphy (Ac = 59.4%). However, they are not as good as those achieved using MSE of

audio (Ac = 79.7%). When combined with ODI, the RF outperforms the ODI on its own (Ac

= 88.7%) (see Table 5.2).

7.6.3 Discussion of Feature Combination

As shown in Table 6.2, including actigraphy features in the analysis actually worsened per-

formance. Performance improvement by combining audio and PRV features is not as clear

cut, as can been seen in Tables 7.5 and 7.7. For LDA, MS Eaud+prv achieves 70.3% in training

and 69.3% during validation. This is better than the accuracy achieved when using MS Eaud

(66.3%), but slightly worse than that achieved when using MS Eprv alone (71.0%). As ISI1

and ISI2 are only based on audio; the results are the same as those achieved previously in

Table 5.7. Including demographics improves performance (75.1%), the same as for audio

features alone (69.5%) but not PRV features alone (71.0%). The best feature combination,

regardless of the ODI used, is achieved using MS Eaud+prv + IS I + demo + ODI. Overall, the

best accuracy achieved is 82.1% in training and 81.0% during validation using ODIVIS I plus

MS Eaud+prv + IS I + demos. The performance drop is statistically significant, except when

compared to the model using ODI3S QI . Table 7.6 confirms this statement.

Table 7.7 shows that using a RF instead of LDA improves accuracy from 70.3% to 80.7%

when using MS Eaud+prv alone. This is better than the performance achieved by audio-derived

features alone or PPG-derived features alone. Again, ISI1 and ISI2 are based solely on au-

dio, and not a combined feature vector; the performance achieved is the same as that stated

previously in Table 5.8 (Ac = 68.5%). Again, including demographics actually improves per-

formance. Overall, the best accuracy achieved is 88.0% using MS Eaud+prv + IS I + demos +

ODIVIS I . According to Table 7.8, the performance achieved by the four different ODI cal-
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culations is worse in all cases when compared to the model using ODIVIS I , indicating that

ODIVIS I is the best ODI calculation. It should be noted that there are only very minor differ-

ences between the performance metrics achieved by the different ODI calculations, for both

classifiers.

Overall the best performance was achieved using a RF to classify MS Eprv + ODIVIS I ,

which can be seen in Table 7.9. Using this combination of features achieved Ac = 89.2%, Se

= 87.4% and Sp = 90.5% with an AUC of 0.95. When using ODIVIS I alone to classify the

subjects, the performance achieved was Ac = 88.7%, Se = 85.3% and Sp = 90.9%. Table 7.9

clearly shows that using audio features with demographics and ODIVIS I (AUC = 0.96) or PRV

MSE features with ODIVIS I (AUC = 0.95) achieves slightly better performance than using

ODIVIS I alone. It is clear that, PPG and in particular ODI, should be used to diagnose subjects

as requiring treatment or not. However, in cases where it is not possible to record PPG, audio

features and demographics can be used to distinguish between treatment and non-treatment

subjects with Ac = 81.5% and AUC = 0.88 (Table 5.8).

Figure 7.10 provides some insight into whether audio can correctly identify subjects that

are misclassified by ODI3b. Figures 7.10a and 7.10b plot the ODI3b value versus the RF pre-

diction value for MS Eaud; in 7.10a the TP, TN, FP and FN of MS Eaud are shown, while in

7.10b the TP, TN, FP and FN of ODI3b are shown. It is clear that neither MS Eaud nor ODI3b

correctly predict all subjects. Figure 7.10c shows in red those cases where MS Eaud incorrectly

predicts that the subject does not require treatment but ODI3b correctly predicts this, and in

blue those cases where MS Eaud incorrectly predicts that the subject requires treatment but

ODI3b correctly predicts that they do not. It is clear that MS Eaud predicts more FPs (53) and

FNs (78) than ODI3b. However, Figure 7.10d shows the opposite: in red those cases where

where ODI3b incorrectly predicts that the subject does not require treatment but MS Eaud cor-

rectly predicts this, and in blue those cases where ODI3b incorrectly predicts that the subject

requires treatment but MS Eaud correctly predicts that they do not. Although ODI3b does not

predict as many FPs (38) and FNs (25) as MS Eaud, there are certain cases where MS Eaud

is correct and ODI3b incorrect. Identifying the commonality between the subjects that are

correctly identified as requiring treatment by MS Eaud could allow for improvement in classi-

fication accuracy.
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Chapter 8

Discussion & Conclusion

OSA is an under-diagnosed disorder with serious side effects affecting approximately 4% of

adults globally. Due to its prevalence, home diagnostic kits have become popular in order to

reduce wait times for in-hospital sleep studies. This work focuses on finding a parsimonious

and easy to collect set of signals (from the superset of signals used in sleep clinics) and other

related information (such as demographics), that can be used to reliably determine which sub-

jects are suitable for standard treatments using a smartphone. It is clear from Chapter 4 that

the classic speech analysis techniques are not accurate enough on their own. In addition, the

preprocessing required, namely the labelling of individual events, is extremely labour inten-

sive. For this approach to be used in a real application, a detector would be required to identify

these events and thus introduce another source of error.

The novelty of this thesis comes from Chapters 5, 6 and 7, where the entire recording is

classified using MSE, ISI, demographics and ODI. This removes the need for experts to label

the data, and results in an overall diagnosis instead. In Chapter 5, MSE and ISI of the audio

signal greatly improves classification accuracy over that achieved using classic speech analy-

sis techniques (accuracy improved from 69.6% to 81.5%). The addition of demographics and

ODI improves the accuracy even more, from 81.5% to 88.6%. Applying the same process to

actigraphy data shows that, although classifiers trained on features extracted from the actigra-

phy signal are highly specific, the overall performance statistics are lower than those obtained

using audio features. As stated previously, the lack of utility of actigraphy in classification

could be due to the preprocessing steps carried out by the Grey Flash device, or that the signal

itself is not entirely reliable because it is worn on the upper arm rather than the chest and the
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recording device can move relative to the subject during the night.

The ODI used in Chapters 5 and 6 was the one calculated by the Visi-Download software

(ODIVIS I) using a proprietary algorithm. Chapter 7 investigated methods to improve the ODI

with two approaches: with and without the use of SQIs. SQIs were used to remove dips in

the saturation signal that were due to noise. It is clear that using SQIs does not improve upon

the classification accuracy of ODIVIS I (although it did improve upon the calculation using the

unfiltered SpO2 data). This indicates that there is some form of signal quality included in the

calculation of ODIVIS I already. When ODIVIS I is used to classify subjects, it achieves Ac =

88.7%, while ODI3S QI achieves a comparable Ac = 87.1%.

OSA subjects have unusual HR dynamics over the course of the night, related to the sleep

stages, so it is expected that PRV would be a useful feature. Applying MSE to PRV data

reveals dynamics over multiple time scales as it picks up short term PRV changes as well as

long term variations, while also being robust to noise. As Chapter 7 shows, MSE of PRV

is quite a successful approach, achieving Ac = 73.1% during validation when used alone,

and Ac = 89.2% when combined with ODI. Using audio, PRV and demographic features

improves performance from that achieved using audio-derived features alone, but not of PRV-

derived features alone. The best accuracy achieved was 89.2% for PRV and ODI, which is a

slight improvement on the accuracy achieved when using ODIVIS I alone (88.7%). Since the

ODI improves the classifier accuracy substantially, it should always be used if affordable and

feasible. If this is not the case, then the audio signal is an acceptable alternative. The AUC

for ODI3b and ODI3S QI is 0.93 and 0.94 respectively, while including audio features, PPG

features or both in the analysis improves the AUC to 0.96, 0.95 and 0.95 respectively.

Overall, classifying subjects as requiring treatment for OSA, or not, is less time-consuming,

and more accurate, than classifying individually annotated events. No event detection is re-

quired and all of the features can be generated automatically. The features which displayed

the highest predictive accuracy were derived from the PPG (MS E of PRV) and ODI. These

features are novel additions to the existing literature for OSA screening. The results reported

here are on a testing and training set of 858 subjects which is larger than any that has been

reported before, as most analyses carried out on audio data have less than 100 subjects (see

section 3.5). The accuracies reported here are comparable with the best reported in the litera-
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ture. It should be noted that using previously reported techniques on the data in this thesis led

to substantially poorer results than for the novel techniques described herein. This indicates

that the data used here presents a more difficult OSA patient population to the ones reported

in the literature and possibly more representative than the smaller databases used previously.

In summary, the key contributions of this thesis are that it is possible to reliably classify

subjects as requiring treatment from entire recordings rather than events, and although ODI

improves the classifier accuracy substantially, if the PPG signal cannot be recorded, then the

audio signal plus demographics is an acceptable alternative.

8.1 Future Work

Behar et al. [181] carried out a review of the smartphone applications (apps) currently avail-

able that use the phones’ on-board sensors and found that none of them are clinically or sci-

entifically validated. The work in this thesis has therefore been used to develop an Android

phone app for screening OSA, called SleepAp. A mobile phone can record audio from the

microphone, actigraphy from the on-board accelerometer and PPG from a BlueTooth or USB

pulse oximeter. Details of the app can be found in [45, 182]. Figure 8.1 is a screen shot of the

app using audio, actigraphy, PPG and the STOP-BANG questionnaire. Ethical approval has

been granted for a clinical trial at the Churchill Hospital (Oxford, UK) to adapt thresholds to

data collected on a mobile phone, rather than a professional PSG.

Another trial that has begun involves recruiting healthy volunteers with no known sleep

problems. This second trial is necessary as the currently model does not include any such

subjects. To be usable by the general population, these subjects, and their associated features,

have to be included in the analysis. It is possible that an analysis done using these subjects as

well as those referred to the hospital will have a different set of features that can be used to

predict whether they would need treatment or not, i.e. some of the demographic information,

such as neck size and BMI, could be more predictive of treatment than in this work.
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(a) Main Menu (b) Questionnaire (c) Recording (d) Analysis

Figure 8.1: Screenshots of SleepAp.
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Appendix A

Glossary of Terms

AASM : American academy of sleep
medicine
Ac: accuracy
AHI: apnoea-hypopnoea index
AI: apnoea index
APAP: autopositive airway pressure
app: application
AR: autoregressive
AS: apnoeic snores
AUC: area under the curve
BiPAP: bilevel positive airway pressure
BMI: body mass index
BQ: Berlin questionnaire
BS: benign snores
CPAP: continuous positive airway pressure
CSA: central sleep apnoea
CSAQLI: Calgary sleep apnoea quality of life
index
DAP: decreases in the amplitude of the PPG
signal
DFT: discrete Fourier transform
DTFT: discrete time Fourier transform
DTW: dynamic time warping
ECG: electrocardiogram
EEG: electroencephalogram
EMG: electromyogram
EOG: electrooculogram
ESS: Epworth sleepiness score
FFT: fast Fourier transform

FN: false negative
FP: false positive
HA: approximate entropy
HS : sample entropy
HMM: hidden Markov model
HR: heart rate
HRV: heart rate variability
ICSD: international classification of sleep dis-
orders
IDI: integrated discriminative improvement
ISI: inter-snore interval
LDA: linear discriminant analysis
LPC: linear predictive coding
LR: likelihood ratio
MAD: mandibular advancement devices
MCMC: Markov chain Monte Carlo
MFCCs: mel-frequency cepstral coefficients
MSE: multiscale entropy
NHR: noise to harmonics ratio
NPV: negative predictive value/negative pre-
dictivity
NREM: non rapid eye movement
NRI: net reclassification index
OA: oral appliance
ODI: oxygen desaturation index
OSA: obstructive sleep apnoea
PAT: peripheral arterial tonometry
PM: portable monitor/portable monitoring
PP: intervals between pulses in the PPG sig-
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nal
PPG: photoplethysmogram/ photoplethys-
mography
PPV: positive predictive value/positive pre-
dictivity
PHR: PPG derived heart rate
PR: pulse rate
PSG: polysomnogram/polysomnography
PTTV: pulse transit time variability
R&K: Rechtschaffen & Kales
RDI: respiratory disturbance index
REM: rapid eye movement
RF: random forest
RMS: root mean square
ROC: receiver operating curve
RR: intervals between R peaks in the ECG
signal
SAS: sleep apnoea syndrome
SDB: sleep disordered breathing

SE: sleep efficiency
Se: sensitivity
se: standard error
SNR: signal to noise ratio
Sp: specificity
SPI: soft phonation index
SPL: sound pressure level
SpO2: non-invasive measure of blood oxygen
saturation
SQI: signal quality index
SVM: support vector machine
TN: true negative
TP: true positive
TRD: tongue retaining device
TST: total sleep time
UA: upper airway
UCSD: University of California San Diego
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Appendix B

Journal Articles

The journal and conference papers associated with this work are detailed below. A number
of them are in preparation, and have journal targets indicated, while the remainder have been
published or are in submission.

• A. Roebuck, V. Monasterio, E. Gederi, M. Osipov, J. Behar, A. Malhotra, T. Penzel and
G.D. Clifford, “A review of signals used in sleep analysis”, Physiol Meas, vol. 35, no.
1, pp. R1-R57, 2014. Associated with Chapter 1.

• J. Behar, A. Roebuck, J. Domingos, E. Gederi and G.D. Clifford, “A review of current
sleep screening applications for smartphones”, Physiol Meas, vol. 34, no. 7, pp. R29-
R46, 2013. Associated with Chapter 8.

• J. Behar, A. Roebuck, M. Shahid, J. Daly, A. Hallack Miranda Pureza, N. Palmius, J.
Stradling and G.D. Clifford, “An Evidence Based Android OSA Screening Application”,
presented at and appears in the proceedings of Computers in Cardiology, 2013, Sept
2013. Associated with Chapter 8.

• J. Behar, A. Roebuck, M. Shahid, J. Daly, A. Hallack Miranda Pureza, N. Palmius,
J. Stradling and G.D. Clifford, “SleepAp: An Automated Obstructive Sleep Apnoea
Screening Application for Smartphones”, in press: IEEE J Health Inform, 2013. Asso-
ciated with Chapter 8.

• A. Roebuck and G.D. Clifford, “Optimisation of AHI and ODI thresholds for identifying
treatable OSA”, in preparation for Physiol Meas. Associated with Chapter 5.

• A. Roebuck and G.D. Clifford, “Classifying OSA subjects using entire audio record-
ings”, in preparation for IEEE Trans Biomed Eng. Associated with Chapter 5.

• A. Roebuck and G.D. Clifford, “Fusing audio, actigraphy and PPG to improve OSA
classification performance”, in preparation for IEEE Trans Biomed Eng. Associated
with Chapters 6 and 7.
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Appendix C

Questionnaires

C.1 Epworth Sleepiness Score
The following questionnaire will help you measure your general level of daytime sleepiness. You are
to rate the chance that you would doze off or fall asleep during different routine daytime situations.
Answers to the questions are rated on a reliable scale called the Epworth Sleepiness Scale (ESS). Each
item is rated from 0 to 3, with 0 meaning you would never doze or fall asleep in a given situation and 3
meaning that there is a very high chance that you would doze or fall asleep in that situation.

How likely are you to doze off or fall asleep in the following situations, in contrast to just feeling tired?
Even if you haven’t done some of the activities recently, think about how they would have affected you.
Use the following scale to choose the most appropriate number for each situation:
0 = Would never doze
1 = Slight chance of dozing
2 = Moderate chance of dozing
3 = High chance of dozing

Situation Chance of Dozing
Sitting and reading

Watching TV
Sitting, inactive in a public place (e.g. in a theatre or a meeting)

As a passenger in a car for an hour without a break
Lying down to rest in the afternoon when circumstances permit

Sitting and talking to someone
Sitting quietly after a lunch without alcohol

In a car, while stopped for a few minutes in the traffic
Total

Score:
0-10 Normal range
10-12 Borderline
12-24 Abnormal

C.2 STOP BANG
Answer the following questions to find out if you are at risk of Obstructive Sleep Apnoea.
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1. Snoring
Do you snore loudly (louder than talking or loud enough to be heard through closed doors)?
Yes No

2. Tired
Do you often feel tired, fatigued, or sleepy during daytime?
Yes No

3. Observed
Has anyone observed you stop breathing during your sleep?
Yes No

4. Blood Pressure
Do you have or are you being treated for high blood pressure?
Yes No

5. BMI
BMI more than 35 kg/m2?
Yes No

6. Age
Age over 50 yr old?
Yes No

7. Neck circumference
Neck circumference greater than 40 cm?
Yes No

8. Gender
Gender male?
Yes No

High risk of OSA: answering yes to three or more items
Low risk of OSA: answering yes to less than three items

C.3 CSAQLI
This questionnaire has been designed to find out how you have been doing and feeling over the last 4
weeks. You will be questioned about the impact that sleep apnea and/or snoring may have had on your
daily activities, your emotional functioning, and your social interactions, and about any symptoms they
might have caused.

1. Daily Functioning

(a) Most important daily activity. With
regard to performing your most im-
portant, usual daily activity (e.g.
work, school, child care, housework,
etc.) during the previous 4 weeks:

i. How much have you had to force
yourself to do this activity? [yel-
low card]

ii. How much of the time have you
had to push yourself to remain
alert while performing this activ-

ity? [yellow card]
iii. How often have you adjusted

your schedule to avoid this ac-
tivity because you felt that you
would be unable to remain alert
while doing it? [yellow card]

iv. How often do you use all of your
energy to accomplish only this
activity? [yellow card]

(b) Secondary activities. With regard to
activities other than your most impor-
tant daily activity during the previous
4 weeks:
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i. How much difficulty have you
had finding the energy to exer-
cise and/or do activities that you
find relaxing (leisure activities)?
[green card]

ii. How much difficulty have you
had finding the time for ac-
tivities that you find relaxing?
[green card]

iii. How much difficulty have you
had with your ability to do ex-
ercise and/or activities that you
find relaxing? [green card]

iv. How much difficulty have you
had getting chores done around
the place where you live? [green
card]

(c) General functioning. During the pre-
vious 4 weeks:

i. How much difficulty have you
had with trying to remember
things? [green card]

ii. How much difficulty have you
had with trying to concentrate?
[green card]

iii. How much of a problem have
you had with having to fight to
stay awake? [red card]

(d) Social Interactions
The following questions pertain to
how your relationship with your part-
ner, other household members, rela-
tives, and/or close friends have been
during the previous 4 weeks. If you
have not interacted with a partner, etc.
in the previous 4 weeks, please try to
work out how your relationship might
have been with these people.

i. How upset have you been about
being told that your snoring was
bothersome or irritating? [green
card]

ii. How upset have you been about
having to (or possibly having to)
sleep in separate bedrooms from
your partner? [green card]

iii. How upset have you been as a
result of frequent conflicts or ar-
guments? [green card]

iv. How aware have you been of not
wanting to talk to other people?
[green card]

v. How much concern have you
had about the need to make
special sleeping arrangements if
you were travelling and/or stay-
ing with someone? [green card]

vi. How guilty have you felt about
your relationship with fam-
ily members or close personal
friends? [green card]

vii. How often have you looked for
excuses for being tired? [yellow
card]

viii. How often have you experienced
wanting to be left alone?

ix. How often have you felt like
not wanting to do things to-
gether with your partner, chil-
dren, and/or friends? [yellow
card]

x. How much of a problem have
you felt there is with your re-
lationship to the person who is
closest to you? [red card]

xi. How much of a problem have
you had from not being involved
in family activities? [red card]

xii. How much of a problem have
you had with inadequate and/or
infrequent sexual intimacy? [red
card]

xiii. How much of a problem have
you had with a lack of interest in
being around other people? [red
card]

(e) Emotional Functioning
With respect to how you have been
feeling inside during the previous 4
weeks:

i. How often have you been feeling
depressed, down, and/or hope-
less? [yellow card]

ii. How often have you been feeling
anxious or fearful about what
was wrong? [yellow card]

iii. How often have you been feeling
frustrated? [yellow card]

iv. How often have you been feeling
irritable and/or moody? [yellow
card]

v. How often have you been feeling
impatient? [yellow card]
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vi. How often have you been feeling
that you are being unreasonable?
[yellow card]

vii. How often have you been getting
easily upset? [yellow card]

viii. How often have you experienced
a tendency to become angry?
[yellow card]

ix. How often have you been feel-
ing like you were unable to cope
with everyday issues? [yellow
card]

x. How concerned have you been
about your weight? [green card]

xi. How concerned have you been
about heart problems (heart at-
tacks or heart failure) and/or pre-
mature death? [green card]

(f) Symptoms
Below is a list of symptoms that some
people with sleep apnea and/or who
snore may experience. As each symp-
tom is read please indicate whether
it has been a problem or not (answer
yes or no). Circle those symptoms
that you have experienced during the
previous 4 weeks. Once the list is
finished please write down additional
symptoms in the blank spaces you
may have had that are not included
in the list below. Next select the five
most important symptoms you have
experienced. For each of the five
symptoms please identify how much
of a problem it has been. [red card]

i. Decreased energy

ii. Excessive fatigue

iii. Feeling that ordinary activities
require an extra effort to perform
or complete

iv. Falling asleep at inappropriate
times or places

v. Falling asleep if not stimulated
or active

vi. Difficulty with a dry or sore
mouth/throat upon awakening

vii. Waking up often (more than
twice) during the night

viii. Difficulty returning to sleep if
you wake up in the night

ix. Concern about the times you
stop breathing at night

x. Waking up at night feeling like
you were choking

xi. Waking up in the morning with
a headache

xii. Waking up in the morning feel-
ing unrefreshed and/or tired

xiii. Waking up more than once per
night to urinate

xiv. A feeling that your sleep is rest-
less

xv. Difficulty staying awake while
reading

xvi. Difficulty staying awake while
trying to carry on a conversation

xvii. Difficulty staying awake while
trying to watch something (con-
cert, movie, TV)

xviii. Fighting the urge to fall asleep
while driving

xix. A reluctance or inability to drive
for > 1 h

xx. Concern regarding close calls
while driving due to your inabil-
ity to remain alert

xxi. Concern regarding your or
other’s safety when you’re op-
erating a motor vehicle or ma-
chinery

xxii.
xxiii.

(g) Treatment-related Symptoms
If you haven’t had some type of ther-
apy for sleep apnea and/or snoring
leave this section blank. Below is
a list of symptoms that some people
who have been treated for sleep ap-
nea and/or snoring may experience.
As each symptom is read please indi-
cate whether it has been a problem or
not (answer yes or no). Circle those
symptoms that you have experienced
during the previous 4 weeks. Once
the list is finished please write down
any symptoms in the blank spaces
you may have had that are not in-
cluded in the list below. Next se-
lect the five most important symp-
toms you have experienced. For each
of the five symptoms please identify
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how much of a problem it has been.
[red card]

i. Runny nose
ii. Stuffed or congested or blocked

nose
iii. Excessive dryness of the nose or

throat passages, especially upon
awakening

iv. Soreness in the nose or throat
passages

v. Headaches
vi. Eye irritation

vii. Ear pain
viii. Waking up frequently during the

night
ix. Difficulty returning to sleep if

you awaken
x. Air leakage from the nasal mask

xi. Discomfort from the nasal mask
xii. Marks or rash on your face

xiii. Complaints from your partner
about the noise of the CPAP ma-
chine

xiv. Having fluid/food pass into your
nose when you swallow

xv. A change in how your voice
sounds

xvi. Pain in the throat when swallow-
ing

xvii. Pain or aching in your jaw joint
or jaw muscles

xviii. Feeling self conscious
xix. Aching in your teeth that lasts at

least an hour
xx. Discomfort, aching, or tender-

ness of your gums
xxi. Hardship in being able to pay for

the treatment
xxii. A sense of suffocation

xxiii. Excessive salivation
xxiv. Difficulty chewing in the morn-

ing
xxv. Difficulty chewing with your

back teeth that persists most of
the day

xxvi. Movement of the teeth so that
the upper and lower teeth no
longer meet properly

xxvii.

xxviii.

(h) Impact
Complete this section only if you
have completed section E above.

i. Please think of the questions in
Sections A, B, C, and D. Hav-
ing been treated for your sleep
apnea and/or snoring do you be-
lieve that overall there has been
an improvement in your quality
of life since you started treat-
ment? If yes, how much of an
impact on your quality of life
has there been as reflected by the
questions asked in Sections A,
B, C, and D. Place a mark on the
line.
Scale:
0-10
(no impact) (extremely large im-
pact)

ii. Please think of the symptoms
that developed as a result of
being treated for sleep apnea
and/or snoring that you high-
lighted in Section E. How much
of an impact on your quality of
life have these symptoms had?
Scale:
0-10
(no impact) (extremely large im-
pact)

Response Options
Yellow card

1. All the time

2. A large amount of the time

3. A moderate to large amount of the time

4. A moderate amount of the time

5. A small to moderate amount of the time

6. A small amount of the time

7. Not at all

Green card

1. A very large amount

2. A large amount

3. A moderate to large amount
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4. A moderate amount

5. A small to moderate amount

6. A small amount

7. None

Red card

1. A very large problem

2. A large problem

3. A moderate to large problem

4. A moderate problem

5. A small to moderate problem

6. A small problem

7. No problem

A note about scoring: To obtain mean scores
for Domains A through D the total score of each
domain should be divided by the total number
of questions answered. When the SAQLI is ad-
ministered after a therapeutic intervention, al-
lowance has been made for the possibility that
the treatment, even if it is “successful”, may have
some independent negative consequences on a pa-
tient’s quality of life. The scores from Domain E

(Treatment-related Symptoms), are dealt with in a
manner different from that of the other four do-
mains. First the scores require recoding (7 to 0,
6 to 1, 5 to 2, 4 to 3, 3 to 4, 2 to 5, and 1 to
6). For Domain E the mean recoded score is ob-
tained by dividing the total score by 5 (regardless
of how many symptoms were identified). Next,
the mean value of the recoded scores needs to be
weighted according to the impact of the treatment-
related symptoms on quality of life in comparison
with the impact of the improvement of Domains A
through D. Weighting is accomplished by dividing
the impact score for Domain E (a number from 0
to 10) by the impact score for Domains A through
D (Section F of the SAQLI). If this quotient ex-
ceeds 1, the result should be reduced so that the
weighting factor never exceeds 1. The mean re-
coded score from Domain E is multiplied by the
weighting factor, and it is this product that should
be subtracted from the sum of the mean scores
from Domains A, B, C, and D.
To obtain the final SAQLI score the sum of the
mean domain scores A, B, C, and D is divided by
4. If Domain E has been used after a therapeu-
tic intervention, the SAQLI score is obtained by
summing the mean domain scores A, B, C, and
D, subtracting the mean recoded Domain E score
(that has been adjusted by the weighting factor de-
scribed above) and dividing by 4.

C.4 Berlin Questionnaire
Adapted from [72]. The questionnaire

consists of three categories related to the risk
of having sleep apnoea.
Patients can be classified into High Risk or
Low Risk based on their responses to the in-
dividual items and their overall scores in the
symptom categories.

Categories and scoring:
Category 1: items 1, 2, 3, 4, 5
Item 1: if‘Yes’ assign 1 point
Item 2: if ‘c’ or ‘d’ is the response, assign 1
point
Item 3: if ‘a’ or ‘b’ is the response, assign 1
point
Item 4: if ‘a’ is the response, assign 1 point
Item 5: if ‘a’ or ‘b’ is the response, assign 2
points
Add points. Category 1 is positive if the
total score is 2 or more points

Category 2: items 6, 7, 8 (item 9 should
be noted separately).
Item 6: if ‘a’ or ‘b’ is the response, assign 1
point
Item 7: if ‘a’ or ‘b’ is the response, assign 1
point
Item 8: if ‘a’ is the response, assign 1 point
Add points. Category 2 is positive if the
total score is 2 or more points. Category 3
is positive if the answer to item 10 is ‘Yes’
or if the BMI of the patient is greater than
30 kg/m2.
(BMI must be calculated. BMI is defined as
weight (kg) divided by height (m) squared, i.e.
kg/m2.)

High Risk: if there are 2 or more Cate-
gories where the score is positive
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Low Risk: if there is only 1 or no Categories
where the score is positive

1. Complete the following:
Height
Weight
Age
Gender

Category 1

2. Do you snore?

(a) Yes

(b) No

(c) Don’t know

If you snore:

3. Your snoring is:

(a) Slightly louder than breathing

(b) As loud as talking

(c) Louder than talking

(d) Very loud - can be heard in adja-
cent rooms

4. How often do you snore?

(a) Nearly every day

(b) 3-4 times a week

(c) 1-2 times a week

(d) 1-2 times a month

(e) Never or nearly never

5. Has your snoring ever bothered other
people?

(a) Yes

(b) No

(c) Don’t know

6. Has anyone noticed that you quit
breathing during your sleep?

(a) Nearly every day

(b) 3-4 times a week

(c) 1-2 times a week

(d) 1-2 times a month

(e) Never or nearly never

Category 2

7. How often do you feel tired or fatigued
after your sleep?

(a) Nearly every day

(b) 3-4 times a week

(c) 1-2 times a week

(d) 1-2 times a month

(e) Never or nearly never

8. During your waking time, do you feel
tired, fatigued or not up to par?

(a) Nearly every day

(b) 3-4 times a week

(c) 1-2 times a week

(d) 1-2 times a month

(e) Never or nearly never

9. Have you ever nodded off or fallen
asleep while driving a vehicle?

(a) Yes

(b) No

If yes:

10. How often does this occur?

(a) Nearly every day

(b) 3-4 times a week

(c) 1-2 times a week

(d) 1-2 times a month

(e) Never or nearly never

Category 3

11. Do you have high blood pressure?

(a) Yes

(b) No

(c) Don’t know
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Appendix D

Statistical Differences in Data

Table D.1, taken from Chapter 4, shows the demographics for each sub-group (normal, snorer,
mild OSA, moderate OSA, severe OSA) used in the analysis. The distributions for each de-
mographic can be found in Figure D.1.

The Kruskal-Wallis test makes the following assumptions about the data in x:

• All samples come from populations having the same continuous distribution, apart from
possibly different locations due to group effects.

• All observations are mutually independent.

The classical one-way ANOVA test replaces the first assumption with the stronger assumption
that the populations have normal distributions. The p values for the one-way ANOVA test
and the Kruskal-Wallis test can be found in Table D.2. The results indicate that both tests
find that all demographics except for height are significantly different, although the results
as less significant according to the Kruskal-Wallis test. It is typical that when a data set
has a reasonable fit to the normal distribution, the classical ANOVA test is more sensitive to
differences between groups.

Table D.1: Subject demographics for each sub-group: normal, snorer, mild OSA, moderate OSA and
severe OSA (mean±σ). neck = neck circumference, m = male, f = female.

Group Normal Snorer Mild Moderate Severe
Gender 80 m, 75 f 166 m, 91 f 79 m, 28 f 94 m, 30 f 167 m, 48 f

Age (yrs) 45.9 ± 17.1 46.5 ± 12.0 50.5 ± 11.4 53.1 ± 12.4 52.5 ± 12.6
Neck (cm) 39.4 ± 4.6 41.4 ± 4.3 41.9 ± 4.1 42.9 ± 3.8 45.0 ± 4.8

Height (cm) 171.2 ± 10.7 173.5 ± 10.4 174.2 ± 9.9 173.0 ± 9.7 175.0 ± 9.1
Weight (kg) 77.7 ± 23.0 96.0 ± 24.2 212.0 ± 48.8 221.2 ± 49.5 247.3 ± 74.4

AHI (events/h) 4.4 ± 7.5 6.4 ± 7.4 10.6 ± 9.0 21.5 ± 11.6 47.5 ± 24.5
ODI (events/h) 3.7 ± 3.5 6.0 ± 5.2 10.3 ± 7.0 22.0 ± 11.6 56.8 ± 32.4
BMI (kg/m2) 29.6 ± 7.9 32.0 ± 8.4 31.9 ± 7.9 33.8 ± 8.5 36.9 ± 11.2

ESS 11.0 ± 5.6 12.0 ± 5.2 12.2 ± 4.7 12.7 ± 4.7 14.1 ± 5.3
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(a) Gender (b) Age (c) Neck

(d) Height (e) Weight (f) AHI

(g) ODI (h) BMI (i) ESS

Figure D.1: Probability density functions for all five sub-groups for the normalised demographics.
Normal is shown in blue, snorer in red, mild in green, moderate in cyan and severe in magenta.

Table D.2: p value for the five sub-group (normal, snorer, mild OSA, moderate OSA, and severe OSA)
demographics.

Demographic ANOVA Kruskal-Wallis
Gender 3.5 × 10−7 4.7 × 10−7

Age 4.5 × 10−9 1.2 × 10−8

Neck 1.4 × 10−28 3.2 × 10−26

Height 0.0171 0.0211
Weight 9.7 × 10−17 3.2 × 10−19

AHI 9.7 × 10−164 3.3 × 10−112

ODI 9.2 × 10−170 7.8 × 10−122

BMI 8.7 × 10−12 4.4 × 10−17

ESS 1.1 × 10−6 3.5 × 10−6
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Appendix E

Annotation Protocol

Please mark the snoring events, apnoea events and the first breath after an apnoea. If you see any
breathing or noise events e.g. speech, TV, radio, etc. and wish to annotate them, feel free, but it is not
necessary.

For each event type there is a corresponding single letter label with an optional secondary la-
bel/qualifier as shown in Table E.1:

Table E.1: The labels to be used in annotating the data

Event Label (first letter) Optional sub-label
Apnoea A U

First breath after apnoea F U
Snoring S U, C, S

Noise N U, V, T, R
Breathing B U, L, H

where U = uncertain, C = crescendo snoring, S = simple snoring, V = voice (live human not TV), T =

TV, R = radio, L = light and H = heavy.
The uncertain label (U) denotes that you think the event is in this category, but are not entirely sure.

Upper or lower cases may be used, or a mix. If you wish to add a free-text qualification/description
after the annotations, please feel free. The letters A, F, S, N or B must be the first letter in the label.
The other letters may be used if required. If there are any other subclasses that you wish to include
please make a note of the label you are using.

To annotate the data:

1. Open the required file.

2. In order to mark an event, click the ‘Insert All Channels Marker’ button - marked in a red box in
Figure E.1.

3. Click and drag the marker across the section of data that you wish to annotate - it will be high-
lighted as shown in Figure E.2.

4. When the relevant section of data is highlighted, markers will appear across all of the channels
as in Figure E.3. By clicking the ‘Insert All channels Marker’ button again, it is possible to add
a label to the annotation.

5. Right-click anywhere in the highlighted section and two options appear: Edit Marker, and
Delete. If the marker is in the wrong section it can be removed. By using the Edit Marker
option a label can be added as in Figure E.4.

6. When the Edit Marker option is chosen, a dialogue box appears as in Figure E.5. The label for
the event is entered in the ‘Annotation’ box. Once the appropriate label has been entered, click
‘OK’.
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Figure E.1: Where to find the ‘Insert All Channels Marker’ button.

Figure E.2: Click and drag the marker across the section of data that you wish to annotate.

7. The label appears on each channel as in Figure E.6. Repeat this process until the required events
have been labelled.

Pressing the ‘Save’ button while annotating the data saves the start time of each event, the duration
of each event and the label associated with that event in a WorkPad (WP) file. If the patient file is
closed, and you wish to add more annotations they will be saved in a different WP file. If, however,
you have been saving the annotations throughout the process, each time you click ‘Save’ a dialogue
box opens as in Figure E.7. By overwriting the WorkPad file, all of the annotations, including the latest
annotations, are saved in the same file.

The WP files are saved in chronological order i.e. WP0, WP1, etc. and appear in the folder
containing the patient data. For example: if the patient data has been saved in C:\data where data is a
folder containing a number of patient folders, the WP files for patient X will be saved in C:\data\X.

The WP files can be opened using WordPad, NotePad, etc. There are no patient identifiers contained
in the file, and so the files can be sent via email.
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Figure E.3: Relevant section has markers on all channels.

Figure E.4: Right-click to get the options: Edit Marker and Delete.
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Figure E.5: The label for the event is entered in the box under ‘Annotation’.

Figure E.6: Channel markers with labels.

Figure E.7: Options given when saving the annotations.
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