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Automated screening for sleep apnoea in the
home environment

Philip de Chazal, Conor Heneghan, Redmond ShouétideChern-Pin Chua

Abstract— We present a simple method for detection of sleep apnoeathe home environment. The method identifies episodes
of disordered breathing and provides an estimated apnoea hyponoeadex (AHI) by recording and automatic analysis of
nighttime ECG and oximetry recordings. At the heart of thedevice is a pattern recognition system that identifies epddes of
apnoea by analysing the heart variability, an ECG-derived respation signal and blood oximetry values.

The method has been tested on 125 subjects who have undergarfall overnight polysomnogram study. Results show that the
method a) correctly annotates 89% of epochs as either normal olegp disordered breathing and b) it separates control subjgs
from subjects with clinically significant sleep apnoea wh a specificity and sensitivity exceeding 93%.

These results demonstrate that home-based screening foeasp apnoea is a viable alternative to hospital-based tests withe
added benefit of low cost and minimal waiting times.

I. INTRODUCTION

Sleep apnoea is a cardiorespiratory disorder ctearsed by brief interruptions of breathing dursigep. Typical sleep
patterns of a sufferer involve heavy snoring ingersed with obstruction of the upper airway, legdimwaking and
gasping for breath. Often the sufferer has nollexton of the sleep interruptions that can odaundreds of times in a
night. The primary health implications of sleep ega are its impact on the cardiovascular systeong@sed levels of
hypertension, coronary arterial disease, arrhytBmiacreased accident levels due to sleepinedsqaatity of life issues.
Obstructive sleep apnoea (OSA) is not a rare cimditt occurs in 2% to 4% of middle-aged adult®(vig 1993) and in
1% to 3% of preschool children (Gislason 1995). ideer, despite the fact that apnoea has such readtiquality of life
implications, there is a surprisingly low publiccamedical awareness of the illness. Of the 1@tmRlion sufferers in the
U.S. with moderate-to-severe sleep apnoea, itimated that only 10 to 15% have been diagnoseditgd 997).

By definition, an apnoea is a cessation of airftbwough the upper airway for a period of 10 secardsnger, and is
typically associated with a fall in SaO2 termedeaaturation. A hypopnoea is a reduction in airftodess than 50% of
normal airflow that leads to a desaturation of 3%amelectrocortical arousal (AASM 1999). Apnoead hypopnoeas are
classified into three types:

e obstructive, in which respiratory effort is presémit the upper airway is partially or completelgdked

» central, in which the upper airway is open, bupiegory effort is absent or reduced, and

* mixed, in which both central and obstructive aspace present. A typical mixed apnoea may showiagef
central apnoea for several seconds, during whielugiper airway occludes, followed by increasediratpy
effort against the obstruction.

Most apneic events are terminated by recovery hsefitequently (though not always) accompaniedrbglactrocortical
arousal which is visible in an EEG recording.

Overnight polysomnography (PSG), a laboratory-Ba$eep study, is regarded as the gold standartthéadiagnosis of
sleep apnoea. It is widely agreed that PSG istiyh and reliable test. However, it also receiteshare of criticism.
Firstly, PSG is inconvenient since it requiresplgéent to stay in hospital for one night. Secgnilis an expensive
process. This high cost is due to the need fostindy to take place in a hospital setting, the irequent to have a sleep
technician in attendance overnight, and the needatoually “score” the resultant measurements. dijnimany sleep
centers worldwide are currently operating at falbacity and PSG usually suffers from a low avadlitgtrieflected in up to 6
month waiting lists for testing. Therefore theseonsiderable interest in the development ofbldibow-cost techniques
for identification of subjects with sleep apnoeartigularly in those systems which can be relialdgd in a home
environment.

A joint study group drawn from the Amercian Thom8iociety, the American Academy of sleep Medicare] the
American College of Chest Physicians carried aueta-analysis of reports on portable monitoringicks/for assessment
of sleep apnoea (Chesson 2003). Three categorjsiable monitoring (PM) devices were reviewechwégard to their
accuracy in distinguishing subjects with an apniogaspnoea index (AHI) of greater or less than 1&tiended and
unattended settings. Type 2 devices are defindé@waag a minimum of seven channels, including EEQG, chin EMG,

ECG or heart rate, airflow, respiratory effort, gey saturation, Type 3 devices should have a mmiwmiufour channels,
including ventilation or airflow (at least two chagis of respiratory movement, or respiratory movanaad airflow), heart
rate or ECG and oxygen saturation) and Type 4 dswould measure only one or two parameters. Toeiclusions were
quite cautious in that they found insufficient emide to recommend the use widespread use of portatitoring devices,
though they did find that Type 3 devices could bediin an attended setting to increase or to deertb@ probability that a
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patient has an apnoea-hypopnoea index greatefd thasowever, they did emphasize the need for coatrstudy of
portable monitoring technologies, with the collentof large well-controlled data sets, and moreegalrconsideration of
the clinical data beyond simple use of an AHI thodd.
Despite the lack of clear evidence supporting enalitd studies using devices with a small numbehanfnels, there has
been considerable exploration of such technologiéh,the most widely explored low-cost option lpiimattended
overnight ambulatory oximetry. However, there hbegen mixed reports in the literature on the effjoafcthis technique.
Overnight oximetry can be useful if it shows a @attof cyclic desaturation, but in practice theitiing factor appears to be
the negative predictive value (NPV) of the metheak. example, Chiner at al. (Chiner 1999) quotetNB¥ ranging from
38-48%. Conversely, it has also been suggestedhbaiensitivity of oximetry might be limited byetfiact that some
obstructive events may not lead to an obvious dest@dn, i.e. the definition of an obstructive hppoea typically includes
a desaturation or microarousal whereas an obsteuatinoea is defined purely by a cessation of flmwnore than 10
seconds and not necessarily a desaturation (2888). A further confounding factor is that compiaroximeters have
different averaging times (averaging is used imm@ters to overcome limitations due to intermittéeta loss due to poor
perfusion). Davila et al. conducted a systematidybn the influence of averaging parameters anednthat sensitivity is
lower and specificity higher when longer oximeteeraging periods (e.g. 12 seconds) were considdradieversed when
using shorter averaging length (e.g. 3 or 6 segofsvila 2002). Oximeters are also subject tdactidue to motion and
poor perfusion, which can lead to significant loslata. For example, Yamashiro et al. used noatwximetry as a
screener for OSA reject 10% of subjects from theystue to poor SpO2 signal quality (Yamashiro 3995

Assessment based on oximetry can range from sidgtétion of desaturations (defined as a decr&fa@% of 4% from
a baseline level, over a certain period of timentwe complex measures such as CT80 or CT90 (tlveage of time
where the SpO2 value is below 80% of 90% respdygtive derived measures such as the oximetry daitax (Magalang
2003).
While we do not intend to give an exhaustive sumeseports on the use of nocturnal oximetry in@mscreening, it is
useful to report on a number of studies, if onlgdmclude that the reported clinical performaneeshéghly variable, and
depend on the chosen clinical population, the patars of oximetry measurement, and the statistiessures derived
from the oximetry measurements. In particular, sstudies report that the limiting factor is spegifi, whereas others
indicate that limited sensitivity is observed. leaample, Series et al. found a sensitivity of 85 specificity of 93% in
distinguishing congestive heart failure patientdwgieep related breathing disorders. (Series 200&)ever, a drawback
of oximetry was that it was unable to distinguigistouctive from central events reliably in thesbkjsats (Series 2005). In
an adult population, Zamarron et al. used speatralysis of the oximetry signal to screen for O$W found a sensitivity
of 78% and a specificity of 89% (Zamarron 1999).
Conversely, Brouillette et al. performed oximemyai group of children with suspected OSAS and coetpi with
simultaneous full polysomnography (Brouillette 2D(@atients with complex medical conditions wereleded. Compared
with polysomnography, they found a PPV of 97% amdN&®V of 47%, indicating that oximetry was usefiilem results
were positive. However, patients with negative Itssef oximetry required full polysomnography fagfahitive diagnosis.
False-positive results were found in patients wiild coexistent medical problems, such as obesityasthma, suggesting
that this technique is useful only in otherwiseltigachildren. Levy et al. reported on a study36fl adults and found a Se
of 98% with a Sp of 46% in distinguishing AHI>15elky 1996).
As an alternative to oximetry as a screening tiv@,0bservation of changes in heart rate assoargthdapneic events has
long been suggested as a possible technique fptesidentification of subjects with sleep apnoeadsgme (Guilleminault
1984). Following the initial work of Guilleminaudt al. in this area, several researchers have peabi@chniques for using
ECG-based analysis for sleep apnoea screening l{R0@3, Roche 1999, Roche 2003, Stein 2003). Tysiplogical
rationale for this approach is as follows. Apneiers are typically (though not always) associatéd a bradycardia,
which is followed by an abrupt tachycardia simudtansly with recovery breaths. Therefore the tachmgof RR intervals
will show a characteristic sawtooth pattern witthumation approximately corresponding to the duratibthe apnoea plus
recovery breaths (15-20 s). This time-domain flattan has been termed a Cyclical Variation in H&ate. Figure 1
illustrates some typical fluctuations in heart reg¢en in a subject with severe OSA. Alternativieguency domain
analysis of the RR interval series, will reveal megted energies at the corresponding very-low-&aqies (VLF) —
typically 0.02-0.05 Hz. In addition, a surface E@IGo contains direct information about respiragffgrt, since its
amplitude is typically modulated by movement of thieage. This concept is shown in Figure 2, whegeshow how
modulation of the ECG amplitude is directly relatedneasured ribcage movement.
We have previously reported on an algorithm (dez@h2003) for identifying patients with obstructisieep apnoea by
recognizing both autonomic and respiratory effbidrgyes in the ECG associated with apneic everits algorithm was
developed using a single channel of modified le2dECG recording extracted from polysomnograms c@imy the
Philipps University database (Penzel 2000) andeanos of our participation in the Computers in Galayy Conference
Challenge in 2000 (Moody 2000, Penzel 2002). Therithm carries out an automated classificatioaroECG recording.
It divides a recording into one-minute epochs, #ah estimates the probability of each epoch biomg an “apneic”
minute or a “normal respiration” minute. The pepep classifications are then combined to form agral classification of
the recording in terms of average minutes/hour 8AOThis minutes/hour measure is then mapped &stimated AHI by
using a linear transformation. The estimated AH$waed to classify subjects into three classesenatelto-severe OSA
with AHI>15, mild OSA with 5<AHI<15, and controlsith AHI<5. The results of this algorithm on an ipéadent test set
of 35 ECG recordings was that it correctly distiisped all moderate-to-severe cases from contrgéstsh The correlation
between the estimated AHI and the PSG determineldwsd 0.9.
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Given that both the ECG and oximetry have beenesigd as useful screening tools for unattendedtussems reasonable
to investigate the simultaneous use of oximetrythedECG signal for both predicting AHI and indiogtthe presence or
otherwise of sleep disordered breathing. The liteeasuggests that simultaneously acquired “gaddsrd”
polysomnography (PSG) is necessary to justify amgted results, so in this paper we will considerdhalysis of ECG and
oximetry signals as a subset of a complete polysgram recording, allowing direct comparison of pineposed screening
algorithm with PSG results. This study extendspavious work through the addition of oximetry sijand by testing of
the system on a database of 125 subjects. The papieres a method for providing a reliable diagimomeasure of OSA
based on measurement of the electrocardiogramxneky signals.

Il. DATABASE

A. Subjects:

The dataset of 125 subjects was made up of twortohiche first cohort comprised 28 subjects rangamtruited over a
six-month period (September 2002 to February 20@8) patients referred to the Sleep Disorders ClatiSt. Vincent's
University Hospital (Dublin, Ireland). These sulifeaere referred to the clinic for evaluation ofgected OSAS. Subjects
were over 18 years of age, had no known cardiaades autonomic dysfunction, and were not on mdiicknown to
interfere with heart rate, such as beta-blockeggxih, or calcium receptor anatagonists.

The second cohort comprised of two groups. Thedmsup of 64 subjects was recruited from consgeutiales attending
the same Sleep Disorders Clinic for evaluationuspgcted OSAS (from March 2004 to September 20@%),were free
from other medical disorders and not commencedgualar medication. The second group comprised aBhyemale
control subjects recruited from the general popartatvho were matched according to age and BMhéofirst group.

The protocol was approved by the Hospital's Etidosnmittee, and all subjects provided written, infed consent.

TABLE 1: DEMOGRAPHICDATA

n=125 Value
Age (years) 44+ 8
Male:Female (n) 121:4
Body Mass Index (kg/m2) 336
Apnoea-Hypopnoea Index (no/hr) 29+ 29
Epworth Sleepiness Score 12+6

TABLE 2: APNOEASEVERITY

Apnoea Severity No. of subjects
Not clinically significant (AHI <5) 30

Mild (AHI 5 to 15) 28

Moderate (AHI 15 to 30) 19

Severe (AHI > 30) 48

B. Seep Sudies:

Overnight polysomnography was performed using #sgér-Toennies system (Erich Jaeger GmbH, HoechBerghany).
EEG (C4/A1, C3/A2), bilateral EOG, submental EMG &CG (modified lead V2) were recorded using swfalectrodes.
Respiration was measured through oronasal flowrfttstor) and thoracic and abdominal movements (imeded
inductance plethysmography). Oxygen saturationmeasured using finger pulse oximetry. Snoring veasnded using a
surface microphone attached above the sternal natchbody position was also monitored. All studiese performed in
the sleep laboratory and supervised throughounbgxaerienced sleep technologist.

C. Expert Annotation

Following completion of the study, sleep stagingwwarformed using full polysomnography by a siregperienced sleep
technologist. The scorer also produced an annotatgratory event list which provides onset tingegj durations of
sleep-disordered breathing events including obstueicmixed, and central apnoeas and hypopnoedspeodic breathing
episodes.

Obstructive events were distinguished from cermvants by the presence or absence of paradoxmaldic and abdominal
movements during apnoeas or hypopnoeas. The gteegr svas blind to the output of the automatedyaimkystem.
Subjects were also asked to complete the Epwoettp8iess Score questionnaire (Johns 1991).
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I1l. METHODS

We have used a combination of physiological knogiedf the manifestation of apnoea in the ECG aadiimetry
signals and black-box pattern recognition method$esign three systems for estimating the AHI ftbsmECG and
oximetry signals. The three systems are

* an ECG only system;

e an oximetry only system; and

» acombined ECG and oximetry system.
The third system is a unification of the first tagstems and is shown in Figure 1. The three syspeatess the ECG
and/or oximetry signals and provide two outputse Titst output is an epoch-by-epoch sequence oftations of “normal”
or “SDB” (sleep disordered breathing). The secouipat provides an estimated apnoea-hypopnea ir&ld @nd is
derived on the basis of the epoch-by-epoch aniooisti
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Figure 1: Simultaneous ECG and oximetry systenidentifying epochs of apnoea and estimating AHirfravernight recordings.
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A. Overall System Design

This study has adopted pattern recognition appraatiy supervised learning to obtain the threeesyst Classifier
methods were based on linear discriminants (D@4 Rand our selected signal representations.

At its most fundamental level the system proceasespoch of data and allocates the epoch to éitloemal” or “apnoea”.
To combine this with supervised learning a firsipstvas to map the event based annotations of ffertedetermined
respiration to epoch-based annotations and this@issed below.

We considered various representations of the EGISSp®2 signals using different features. Previdudiss using ECG
had shown that features based on the timing of Qd®d%plexes (Guilleminault 1984, Penzel 1990, Hilt®99, Roche
1999), and the amplitude of the ECG (Moody 1985pM01986, Travaglini 1998) might be useful for apao
identification. Both types of features were congidein this study

For oximetry systems, previous studies have usegdeal features such as the percentage time betmstain level, the
sum of the differences between successive readitas index), the number of dips in oxygen sataraper hour, and
frequency based features such as the spectraipdad&k SpO2 spectrum and pulse rate periodograheinrange 30-70
seconds. (Gyulay 1993, Zamarron 1999, Oeverlan@,280Ipe 1999). In this work, however, temporal 3g€atures only
were considered for classification.

Classifier performance was determined using cradistation using the available ECG and oximetry data

The three systems (ECG-only, oximetry-only, ECGatediry) have separate stages. The four stagespaee@ocessing, a
processing, an epoch classification and finallyA&h calculation stage. Each of these stages isribestbelow.

B. Annotations

There were six possible respiratory event annatatielating to apnoea by the scorer. These anonsatiere
» obstructive apnoea (OA),
e obstructive hypopnoea (OH),
» central apnoea (CA),
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e central hypopnoea (CH),
* mixed apnoea (MA), and
e mixed hypopnoea (MH).

In addition, periodic breathing events were anmatdtut were not included in the calculation of Ahdl index.
The apnoea hypopnoea index was determined by sugthemumber of respiratory events from the sixvatend dividing
by the number of hours of sleeptime.

1) Mapping event-based to epoch-based annotations
The expert annotations provided with this studyeaent-based i.e the start and finish of an aniootabrrespond to the
start and finish of the respiration event. As th&teams presented here are epoch-based the fipsivateto map the expert
annotations to epoch-based annotations. To ackiévéhe annotation time sequence was dividedeptichs and the
annotation of each epoch was assigned to a categdoflows:
» Determine the duration of all the normal eventa tiassification epoch (Normal events are all everitich are
not apnoea events(see next bullet))
» Determine the duration of all apnoea events in elassification epoch (Apnoea events = OA, CA, MDY, OH,
MH, and CH)
» If the duration of the apnoea events exceeds hssdben the epoch-based label is sleep disordathing (SDB)
» otherwise the epoch is labelled normal.

Event- | OA | CH CA | | OH | |
based . . . time
EpOCh- | OA | N | CH | CA | CA | N | OH | OH | N | o
based [ [ [ [ [ [ [ [ [ [ w
EpOCh- | SDB | N | SDB | SDB | SDB | N | SDB | SDB | N | >
based [ [ [ [ [ [ [ [ [ [

Figure 2: An example of the mapping of the eversebaannotations of the scorer to epoch based dmmmstaequired for development of the systems.
C. Preprocessing Stage

1) Filtering
A bandpass filter (0.5-40Hz) was used to removeaned baseline wander and high frequency interéeren

2) Heartbeat Detection

We have implemented our own version of a QRS datecdhich determines QRS peaks using fuzzy clasdifin of two
ECG parameters. The first parameter is the noredl@bsolute amplitude of the ECG and the secorahpser is a
measure derived from the 3 points of inflectionhia QRS. The detection performance of the systenbban validated on
the MIT-BIH arrhythmia database (Mark 1997). Itelgs over 99% of QRSs with a false detection ratess than 1%.

3) RR-interval correction

RR-intervals were defined as the interval betweereassive QRS detection points. Due to poor siguality and errors in
the automatically generated QRS detections, thenRRval sequences generated from both sets of d@&®tion times
contained physiologically unreasonable times. Atfareprocessing step prior to calculating the E€ures was to
calculate a corrected RR-interval sequence whérmetefvals were physiologically reasonable. Thiéofeing automatic
algorithm was developed for this purpose.

Suspect RR-intervals were found by applying a mediter of width five to the sequence of RR-intals. This provided a
robust estimate of the expected value for eachrR&val. Significant variations from this expectedue led to it being
flagged as a suspect RR-interval. Suspect RR-ialepould be due to either spurious QRS detectmmsiissed QRS
complexes.

Spurious QRS detections were found by comparingtine of adjacent RR-intervals with the robust Ri#ival estimate. If
this sum was numerically closer to the robust esténthan either of the individual RR-intervals tlzespurious detection
was deemed to be present. The two RR-intervals merged to form a single RR-interval.

Conversely, we determined heuristically that ifRiR-interval was a factor of 1.8 times or greatantthe robust estimate
then it was probable that one or more QRS complexegs missed. To estimate (interpolate) the timidhemissing QRS
complexes the RR-interval was divided by the seqge@f integers 2,3,4,... until it best matched theusblestimate of the
RR-interval. The single RR-interval was then sulatiid by the appropriate integer to form a serieses¥ detections.

4) ECG-Derived Respiratory (EDR) Sgnal

During the breathing cycle, the body-surface EC{afisenced by electrode motion relative to therhaad by changes in
thoracic electrical impedance as the lungs fill angbty with air. The effect is most obviously sesma slow modulation of
the ECG amplitude at the same frequency as thehmgacycle (Moody 1985, Moody 1986, Travaglini BJ9To access
this signal the original ECG signal was filteredtwiwo median filters to remove the baseline wantibe original
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ECG signal was processed with a median filter & 2% width to removed QRS complexes and P wavesrdgulting
signal was then processed with a median filter0ff8s width to remove T waves. The signal resultiogn the second
filter operation contained the baseline of the E<ighal, which was then subtracted from the origsighal to produce the
baseline corrected ECG signal.

A sample point of an ECG-derived respiratory sigEddR) was then obtained by calculating the aredosed by the
baseline corrected ECG in the region 50 ms eitider &f the QRS detection point. An example of arREfignal is shown
in Figure 3

T T T T T T T T T

RESPIRATORY
EFFORT

EDR

ECG

230 231 232 233 234 235 236 237 238 239 240
TIME (s)

Figure 3: Estimating an ECG derived respiratiomaldEDR) from the ECG.

5) Oximetry

The first step in SpO2 preprocessing was to renotmwgous artefact. This was achieved by markinglaéinges of oxygen
saturation between consecutive sampling interviadgaater than 4% per second as artefact. In addiéll SpO2 values of
less than 65% or greater than 100.1% saturatior marked as artefact.

The next step is to produce an estimate of theingrim minute average of the SpO2 signal. The artéémged samples
were ignored in the running mean average calculatio

The final step in the preprocessing of the SpO@adigvas to resample both the original SpO2 signdlestimated baseline
version at 0.1Hz.

D. Processing Sage

The preprocessing steps outlined above resultdsanete index sequences of the RR-intervals, aR EiQnal, an artefact
tagged SpO2 signal and a SpO2 baseline signaldBRasthese, a large set of features that coulchiatly be used for
classification were considered. Features were gégetfor one-minute segments overlapped by 30 siscdine features
considered in this study were:

Interval-based power spectral density of the Rigrirgls (DeBoer 1984),

Heart rate variability parameters (Teich 2000, ¢#il1999, Task 1996),

The power spectral density of the EDR signal, and

Oximetry time domain features

It is worth noting that none of the measures listbdve consider the morphology of the ECG. It igliaitly assumed that
the processes leading to apnoea occur at a loaattennal to the heart and thus do not directlgcifthe generated cardiac
potentials.

1) ECG-based features

a) Inter-beat intervals

The first step in calculating features from the iRRrvals was to assess the quality of the RRwatesequence. If the
average calculated heart rate was below 30 bpmeattey than 180 bpm or if four or more RR interwvadse interpolated,
then the RR intervals were considered artefactRiRdeatures were not calculated for the epochRfdgrality was OK then
features relating based on frequency and time dog@culations were calculate.

An interval-based RR-interval power spectral decositppn (PSD) was calculated in the following waysequence of RR-
intervals was associated with each one-minute segmbe index for this sequence was beat numbétjme. The mean
RR-interval for that segment was removed from eadhe, to yield a zero-mean sequence. The sequeseero-padded
to length 256, and the fast Fourier transform (FRa$ taken of the entire sequence. The magnitudbe &FT coefficients
were squared to yield a periodogram estimate oP®B, which had high variance. Averaging of fouaadnt frequency
bins yielded a 64-point PSD estimate of which dhbyfirst 32 points were used as features (dueg¢symmetry of the
upper and lower PSD point estimates). Xfaxis has units of cycles/interval.

» Time domain features used included:
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» the first five serial correlation coefficients,

» the log of the standard deviation of the RR intexyva

« the log of the standard deviation of the changemnintervals (delta RR), and
» the log of the mean epoch RR interval.

b) EDR

An EDR quality estimate was produced by removirgrttean and dividing by the standard deviation. 8 d6int moving
median filter is applied to the resulting EDR silgaiad saved as an ERQRjanSignal. The 3% to 97% sorted range of the
EDR is calculated (a measure of spread). Differefetween the original EDR and ERR..greater than 1.8 times the
calculated spread were considered to be artefdbeiEDR signal.

If no artefact was detected in the EDR signal tfienEDR signal was normalised by subtracting thamad dividing by
the standard deviation for each epoch of valuestufes were obtained from the EDR power spectraitiewere the
spectrum was calculated in an identical fashiothéoRR-interval PSD except that the normalised EARes were inputs
into the transformation. The spectral variable aias defined as cycles/interval.

2) Oximetry-based features

If no artefact was detected in the oximetry signan epoch then the following temporal SpO2 séitmgeatures were
calculated for each 1 minute epoch, using the rpkadrsignal:

1. The mean SpO2 value

2. The minimum SpO2 value

3. The number of SpO2 values of less than 92% saburati

4. The square root of the 5% to 95% spread in sonEaPSralues

5. The mean of the absolute differences between ssieeeSpO2 samples

In addition, the following two features were cabtield using both the resampled SpO2 and estimat®& Baseline signals:
6. Count the number of times SpO2 and SpO2 estimatedlibe are within +2.9% of each other during esgmich
7. Count the number of times SpO2 and SpO2 estimatsédline are within —2.9% of each other during esuxbch

E. Epoch Classification Stage

Classifier models based on linear discriminants)(@re utilised throughout this study. The modebpaeters were
determined using the training data using ‘plugaraximum likelihood estimates.
For linear discriminants the likelihood)(function is defined as (Ripley 1996)

L= Z;Zk'log(fk (an!uk’z)) 1)

where the number of classesjghe number of training examples in clags Ni; andf, (an,uk ,E) is the value of the
Gaussian distribution with megm, and common covarianc® evaluated at training examplg,, . The training process

determines the parameter valuegipfand X that maximises the value bf
This is maximized when the mean vectors are defased

Ny
W= Zxkn/Nk )

and the covariance matrix is defined as

C Nk TD
Z:§Z|Z(an —uk)(xkn —pk) E/N. (4)

After determining then, 's and X from the training data, a feature vectds classified by assuming values for the prior

probabilities 7z, and calculated the estimated posterior probabil,iﬂP(k | X) for thekth class using

exp(Yy)

ZQXP(M)

where Y = =3 X7+ Z7x +log (77, ) -

The prior probability of the classes were set equnal the final classification of a single featueé s/stem was obtained by
choosing the class with the highest posterior fodibyaestimate from (5).

P(k|x)= (5)
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1) Combining Classifiers
To obtain a classification based on processinginédion from multiple feature sets simultaneoutig, posterior
probabilities obtained from each feature set weraliined across the separate classifier outputsiniisg the outputs from

M classifiers are to be combined, the final postegriobability outputls(k | X) was calculated from the individual

classifier outputsP,, (k | X) using the unweighted Bayesian addition integragicimeme (Bloch 1996):

5(kl><)=:= Pm(kIX)/Z:Zle(I 1X) (6).

As before the final classification is obtained Impasing the class with the highest posterior priipakbstimate. By using
information from all available streams more effiti@se of the available classification informatieas made.

F. AHI Calculation Stage

An estimated AHI was derived by first determinihg taverage posterior probability value of the aprmass and using this
as input into a linear equation. The average piostprobability value was calculated as the aver@gbe epoch-by-epoch
posterior probability values. The coefficients loé tinear fit were determined by plotting the sguaot of the average
posterior probability value of apnoea versus theasgroot of the actual AHI and then using linesyression to find the
slope of the line of best fit. The generally aceeptange of AHI threshold between normal and dilhycsignificant apnoea
is an AHI value of 5 to 15. In clinical practice AdHcan range from 0 to 100 (or more). As the AHtiga of 5 to 15 was
very important we used the square root transfoomab emphasise the contribution of the low AHlesa the linear fit.

G. Performance Measures
1) Epoch-based
A two classifier model was trained that discrimathbetween normal and any type of sleep disordeesthing. Each
epoch was thus labelled ‘Normal’ or ‘'SDB’ by theseym and the expert. Each epoch label by the syetehexpert was
compared and the outcome determined as one oblibg/ing

e True positive (TP): an epoch is labelled as SDBheyexpert and labeled as SDB by the system

* True negative (TN): an epoch is labelled as Noroyathe expert and labeled as Normal by the system

» False positive (FP): an epoch is labelled as Nobyahe expert and labeled as SDB by the system

» False negative (FN): an epoch is labelled as SDBéyexpert and labeled as Normal by the system
Counts of these outcomes over all the epochs waterand the two way confusion matrix formed as shiomfable 3.

TABLE 3: TWO WAY CONFUSION MATRIX FOREPOCHBASED PERFORMANCE ASSESSMENT

Actual
Normal SDB
Predicted | Normal TN FN
SDB FP TP

Using the table 3 the following performance measweedculated:
»  Specificity = TN/(TN+FP)
»  Sensitivity = TP/(TP+FN)
» Positive Predictivity = TP/(TP+FP)
* Negative Predictivity = TN/(TN+FN)
* Accuracy = (TN+TP)/(TP+TN+FN+FP)

2) AHI estimation
The second set of performance measures examingetftsmance of the system in separating normgestsfrom
‘apnoea’ subjects on the basis of AHI. Firstly thieically determined AHIs were used to determine tlinical
classification using a predetermined AHI thresholsch record was thus categorised as ‘normalidédine’, and
‘apnoea’ on basis of clinically determined AHI. 8adly, the estimated AHI was determined and thrieigitbas above to
categorise each record as ‘normal’ or ‘apnoea’ asidof predicted AHI.
With each record label by the system and expeshaparison of the labels was made and the outcoteendi@ed as one of
the following

e True positive (TP): a record is labelled as Apnlogthe expert and labeled as Apnoea by the system

* True negative (TN): an epoch is labelled as Noroyathe expert and labeled as Normal by the system

» False positive (FP): an epoch is labelled as Nobyahe expert and labeled as Apnoea by the system

» False negative (FN): an epoch is labelled as Aphgdhe expert and labeled as Normal by the system
Counts of these outcomes over all records were madéhe confusion matrix formed as shown in Tdble
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TABLE 4: CONFUSION MATRIX FOR PERSUBJECTAHI ASSESSMENT

Clinical AHI
Normal Borderline Apnoea
(AHI¢ <=5) | (5<AHIc<15) | (AHIc>=15)
Predicted Normal
™ - FN
AHI (AHIp<=10)
Apnoea
FP - TP
(AHI>10)

Where AHL is predicted AHI value and AHlis clinical AHI value.
Using the Table 4 the following performance measgadculated:
»  Specificity = TN/(TN+FP)
*  Sensitivity = TP/(TP+FN)
» Positive Predictivity (PP) = TP/(TP+FP)
* Negative Predictivity (NP) = TN/(TN+FN)
e Accuracy = (TN+TP)/(TP+TN+FN+FP)

Note that 28 subjects were classified clinicallypasderline in this study.

H. Classifier Performance Estimation

When developing a classifier it is important todixe to estimate the expected performance of tesifier on data not used
in training. The available data must be dividead imdependent training and test sets. There aterder of schemes for
achieving this and the most suitable for the sizgata set used in this studyniold cross validation (XV) (Kohavi 1995,
Bishop 1995). This scheme randomly divides thelalvld data intan approximately equal size and mutually exclusive
"folds". For ann-fold XV run, n classifiers are trained with a different fold ugstth time as the test set, while the othér
folds are used for the training data. The choice iofluences the ratio of data used for trainingdites Cross validation
estimates are generally pessimistically biasethasing is performed using a subsample of thelalbks data.

A factor in this study was that while epochs ofadatre independent across records they were nepémtient within a
record. To eliminate the bias that could potentiatise from having epochs from the same recotHtdrtraining and testing
data we applied the XV scheme to the records ahtbrepochs. In other words all epochs from onencevere treated as a
unit.

In this study we used a special case of XV (thedeane-out XV scheme) where all but one availakbergles are used for
training and one example used for testing. To aehihis, in turn, each recording was reserved asdst record and the
remaining 125 records used as the training datavédwere processing 125 recordings to completa afXV, 125
classifiers were trained and tested.

IV. RESULTS AND DISCUSSION

A. Epoch-based classification

We first report on the performance of the thredesys in correctly identifying epochs as being eiti@mal or SDB. The
performance is given in Table 5 in terms of speitifj sensitivity, negative and positive predictivedues, accuracy and
Cohen'’s kappa coefficient. While all three systgmsvide good performance, the oximetry-only syspgovides the
highest specificity on a per-epoch basis. We rfraethe limiting factor for the oximetry-only sysias its sensitivity, and
we ascribe this to the fact that hypoponeas mal/tieaelatively modest desaturations. The traderoffer-epoch
performance between sensitivity and specificity also depend upon the mapping from the event-basedtations to the
epoch labels.

TABLE 5: EPOCHBASED CLASSIFICATION RESULTS FOR THECGAND OXIMTERY DATA STREAMS.

Specificit ~ Sensitivit Accurac
y y NP PP y Kappa
ECG 78.3 78.9 91.1 56.9 78.5 0.51
Oximetry 94.8 71.4 90.4 83.0 88.7 0.69
ECG-oximetry 94.3 73.4 90.7 82.4 88.8 0.70
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B. Per-Subject AHI Estimation

Table 6 provides the more clinically useful perfarme figures on a per-subject basis rather thanmer-epoch basis. All
three systems show excellent performance in tefrasresitivity, and the oximetry and combined systeiso have high
specificity. We also note that one advantage ottimbined system is that records which could netipusly be reliably
classified due to excess noise in the ECG or oxintedice can be reliably scored.

TABLE 6: AHI-BASED CLASSIFICATION RESULTS FOR THECGAND OXIMTERY DATA STREAMS. THESE FIGURES DEMONSTRATE THE PERFORMANCE OF THE
SYSTEM IN SEPARATING THE NORMAL CASE$I.E., AHI <5) FROM THOSE WITH CLINICALLY SIGNIFICANT APNOEA(AHI>15). THE NC COLUMN INDICATES THE
NUMBER OF RECORDS THAT WERE NOT CLASSIFIED DUE TO POOR SIGNQUALITY .

TN FN FP TP NC Sensitivity  Specificity  Accurac
y
ECG 20 11 5 58 2 92.1 64.5 83.0
Oximetry 28 2 4 59 3 93.7 93.3 935
ECG-oximetry 29 2 4 61 0 93.8 93.5 93.8
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Figure 4: AHI plots for ECG only, Oximetry-only aitCG-oximetry systems. Left column) AHI estimateaini the three systems versus AHI determined
from the full polysomnogram. Right colum) Bland-##n plot of the three systems and PSG AHI.

Figure 4 reveal that the oximetry-only and ECG-atirm system more accurately estimated the PSG AHievthan the
ECG-only system. On average all systems slightijevestimated the AHI. The bias of the ECG-onlytesyswas an
underestimation of AHI by 2.7 events/hour, the lniathe oximetry-only was 1.5 events/hour and Far ECG-oximetry
system the bias was 1.6 events/hour.
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It is instructive to more carefully consider (faah classifier system) the 96 non-borderline cdses, AHK5 or AHI=15)
in this study in order to determine the confoundegjors in the analysis

1) ECG

Using the ECG-only system, sixteen classificatioonrs were made with a sensitivity of 92% and acBjpity of 65% in
separating normal subjects from those with climjcsignificant apnoea. Two subjects could not balgsed due to poor
signal quality. There were eleven false positives five false negatives. All false negatives hgutaportion of central
hypopnea or central apnea events. A possible exfitamof the failure of the ECG-only system to sassfully screen these
subjects is that the hypopnoeas did not triggerffecgently obvious bradycardia/tachycardia patteyrbe detected by the
system. The most significant error of the ECG-@ylgtem was the estimation of AHI of 3.3 for a sabjeith an AHI of
54.8. The false-positive results indicate that eaugther than SDB can contribute to changes irt hatarduring sleep. For
example, we can postulate that periodic limb movemmay induce associated cardiac events. It i® fila@ly however
that sub-clinical events (i.e., apneas which doreath the ten-second duration definition, or hymas which do not meet
the criterion of a 50% reduction in amplitude) @ascorresponding cardiac change, which will notdfiected in a
contribution to that person’s AHI score.

This study indicates that automated analysis ofdi@ecordings may have clinical utility in idemiiig patients likely to
have obstructive sleep apnoea. A prime advantaff@sofechnique is that it comes at no additiomst dor subjects
undergoing Holter monitoring as part of a normatazlogy work-up.

The sensitivity and specificity of our technique aomparable to those reported elsewhere in gratitre for ECG-based
screening. Roche et al. have presented severatsepoautomated recognition of subjects with aldive sleep apnoea
syndrome (OSAS) using analysis of heart rate vaitigbRoche 1999), inter-beat interval times (Rec2002), and wavelet-
based analysis of the RR interval series (Roch&R00sing HRV parameters, they obtained a seiityitdf 83% and
specificity of 96% on an independent test set of@2jects, using a criterion of AHI>10 as defin@B§AS. Using inter-beat
intervals, they obtained sensitivity of 87% andcsfpety of 52% on 124 subjects. Finally, their wedet based analysis
applied to 147 subjects yielded a sensitivity gmecsicity of 92% and 90%. Their techniques do pi@vide any temporal
information about the occurrence of the apneic &syeror do they attempt to map their output vagatd AHI. They do not
report on differences between subjects with prilpaentral versus obstructive apnoea. Stein eepbrted on a technique
to identify subjects with OSAS by visual inspectmirRR tachograms (Stein 2003). A human scorertveased to
recognise characteristic Cyclical Variations in Hé®ate (CVHR) associated with obstructive evehte magnitude and
frequency of occurrence of these CVHRs were thexd ts classify 11 control subjects and 46 clinfzaddjects in terms of
OSAS. Of the 46 clinical subjects, 33 had signific@SAS (AHI>15). The positive predictive accuraegs 86%, and
negative predictive accuracy was 94% (which cowadpo a sensitivity of 97% and specificity of 77k Yistinguishing
subjects with AHI>15 from those with lower AHIs. ttever, in this study the decision criteria wasveati at
retrospectively. Moreover the need for human scpnray reduce its potential clinical utility.

2) Oximetry

The oximetry-only system did not analyse three exttlsj(3%) due to poor signal quality. Since thésdiss were carried
out in an attended setting, we expect that thedata loss rate may be even higher (this is camistith previous field
trials of unattended nocturnal oximetry). Of thenaéning subjects the system made four false pesitind two false
negative classification errors. The sensitivity W48 with a specificity of 93%. The expert deteredrAHIs of the false
negatives range between 15 and 25 and the vastitpajbevents for these records were either hygasor central
apneas. These results suggest (not surprisingly}ile oximetry system performs best at identifypbgtructive apneas and
less well at hypopneas. This is consistent withcthraments of Levy et al. (Levy 1996) who also ndteat hypoponeas
often lead to minimal desaturations. It is alsotivaroting that the system successfully classifietha severe apnea cases
(AHI>30). These results compare well with other I@i®d results. Levy et al. reported on a studgaif adults and found
a sensitivity of 98% with a specificity of 46% imstinguishing AHI>15. Yamashiro et al. used noctlroximetry as a
screener for OSA and achieved a sensitivity of @08 specificity of 75%; however, they had to refHa% of subjects
from the study due to poor SpO2 signal qualityatnadult population, Zamarron et al. used speatralysis of the
oximetry signal to screen for OSA and found a gaitsi of 78% and a specificity of 89% (Zamarron9dB).

3) Combined ECG-Oximetry System

Given the previously published evidence on theai€eCG and oximetry as screening tools, a hyposhefsihis research
work was that the combination of ECG and oximetouid provide the highest performing and most rolsystem. Our
classifier system was designed so that if one@ttiannels had acquisition problems (e.qg., ledlilsgaff, poor perfusion)
then the system would automatically switch to ttleeochannel and continue its analysis. So for gtauifithe oximeter
probe detached during the night the system stiltinoed to use the ECG to identify the apnoeas.Miwth channels were
available then the system used simultaneous EC@xintktry measurements to obtain the most accarsdéysis.

The results show that the ECG-oximetry system ssfolly analysed all subjects thus demonstratiegtfbustness of the
system to individual signal acquisition problemstiBthe specificity and sensitivity were 94% représg a notable
improvement on the ECG only system and slightlyeexiing the performance of the oximetry-only systéhe principal
benefit of the ECG-oximetry system is its relidgiliand the possibility of linking periods of aprteaany associated
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arrhythmia events. There are no other publishe@HB&metry systems we are aware but our resultpeoenwell to the
oximetry systems described in the previous systednwath the added benefit of immunity to poor oxigesignal quality.

C. Clinical Utility

Sleep apnoea impacts significantly on the cardicwas system (Newman 2001, Shamsuzzaman 2003ipBH0D02,
Sjostrom 2002,Neito 2000). Moreover, many suffetérsardiovascular disease have associated slesgaapor example
50% of subjects with atrial fibrillation and 50% ®fbjects with congestive heart failure have skgapea (Wolf 2003a).
Thirty percent of patients with coronary arterisehse also have sleep apnea (Wolk 2003b). Giesttbhng association
between sleep apnoea and cardiovascular heattlakits sense from a clinical perspective to perfardiac monitoring
and sleep-apnea screening analysis simultanedisiye Holter monitoring is so widely carried oue&nly one million
Holter tests are carried out per annum in the UBAJ, it has been shown by this work (and otherkgta reasonably
sensitive test for obstructive sleep apnea, it malemse to promote the integration of apnea-sergenéthods into standard
Holter software packages. In this way, cardiolagesiuld routinely identify candidates for full ewation by sleep
laboratories, who have a high likelihood of havetgep apnea. Secondly, we have shown that a mioreatly accurate and
physiologically meaningful screening tool can beviled by combining a standard Holter ECG recovdér a
simultaneous oximetry recording. A benefit of anGz@ximeter system over existing ECG- or oximetryysystems is its
robustness to signal acquisition problems. It alkmws the investigation of nocturnal arrhythmimselation to whether
their underlying cause is apnea-related.

V. CONCLUSION

To conclude, we have presented three automatedrsngealgorithms based on ECG, oximetry, or contibna of ECG
and oximetry. These algorithms have been trainédvatidated on a clinically significant cohort &3 subjects. The
performance of the reported screening systemsraithtches or surpasses other systems that havieysivbeen reported.
Moreover, it provides both an estimated AHI, ang tbmporal sequence of apnea events during thg migich can assist a
clinician in forming a diagnosis. The systems’ pariance has been best validated in non-apneicdalgad subjects with
obstructive and mixed sleep apnea; there werefinmuft numbers of subjects in this database witmarily central sleep
apnea to provide meaningful performance figuresisTthe system may be of particular clinical vadge screening tool
among snoring subjects to evaluate the presenaksence of obstructive sleep apnea. In particilarprofile of sleep
apnea has risen in recent years among cardiolaliist$o increased recognition of the disorder asn@ortant contributing
factor to cardiovascular morbidity. The proposestaymn may facilitate a higher involvement of cardgists in the clinical
management of sleep disordered breathing sincevidleation of possible OSA by this technique capéxformed as part
of routine Holter monitoring.
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