
INTRODUCTION

OBSTRUCTIVE SLEEP APNEA (OSA) IS A COMMONLY

ENCOUNTERED CONDITION CHARACTERIZED BY

REPEATED EVENTS OF PARTIAL OR COMPLETE UPPER-

AIRWAY OBSTRUCTION DURING SLEEP, RESULTING IN

DISRUPTION OF NORMAL VENTILATION, HYPOXEMIA,

AND SLEEP FRAGMENTATION. A transient return to the wak-

ing state (arousal) restores airway patency. OSA is estimated to

affect between 1% and 3% of young children,1-3 and its potential

consequences include behavioral disturbances and learning

deficits,2,4,5 pulmonary and systemic hypertension,6,7 and growth

impairment.8 Sleep is of particular importance to the pediatric

age group, as evidenced by their longer sleep-duration require-

ments.9 Furthermore, OSA in children is distinctly different from

the disorder seen in adults, in particular with respect to sex dis-

tribution, clinical manifestations, and polysomnography (PSG)

findings and treatment.10,11 In adults, OSA is suggested by heavy

snoring, obesity, and excessive daytime sleepiness—especially in

adult men. In contrast, OSA in children is equally common in

both sexes and not necessarily linked to obesity.9 OSA is most

often seen in the 2- to 8-year-old age range when the tonsils and

adenoids are largest relative to the underlying airway size.

The only currently accepted method for diagnosis of OSA is

overnight PSG; unfortunately, the scarcity of pediatric sleep lab-

oratories and the relatively high medical costs associated with

such tests make it likely that pediatric OSA is widely underdiag-

nosed.12 As a consequence, there is a need for simpler measure-

ments to aid in the diagnosis of OSA. Such methods have been

explored; these include subject history, otolaryngologic examina-

tion, and audio recordings of snoring, and all have been shown to

have low diagnostic sensitivity and specificity.13-15 Methods such

as nighttime videotaping,16 pulse oximetry,17 and nap PSG18 have

a good true positive detection rate, albeit at the expense of many

false negatives, ie, a negative result might still require full PSG

to rule out a suspected case.9 Based on previous preliminary

observations in children19 and our extensive experience in elec-

trocardiogram (ECG)-signal analysis in adults with OSA,20-22 we

explore here the feasibility of ECG time- and frequency-based

interval analysis for diagnostic purposes in snoring children sus-

pected of having OSA.

It is useful to briefly review the known clinical observations

relating to sleep-disordered breathing and heart rate. In 1984,

Guilleminault et al23 published the first paper in this area, noting

that obstructive apneas were often associated with a bradycardia

during the apneic period, followed by a tachycardia as breathing

is resumed. They termed these patterns cyclical variations in

heart rate. Since apneas typically occur on a timescale of 10- to

20-seconds duration, the net effect (on average) is to introduce a

frequency component in the RR interval tachogram correspond-
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ing to this time scale, ie, at frequencies in the range 0.05 to 0.1

Hz. These variations can usually be more easily seen in the cor-

responding RR spectrum. In a recent paper,  Stein et al24 gave a

useful graphical interpretation of this observation. In adult

patients, they were able to identify episodes of obstructive apnea

solely through visual inspection of the RR-interval tachogram by

recognizing the characteristic cyclical variations in heart-rate pat-

terns. Other researchers have also noted the low-frequency fluc-

tuations introduced by apneas and have developed a range of pos-

sible systems for using heart rate to recognize apneas.25-27

An additional common clinical observation that we have inves-

tigated in the development of our automated system is the fact

that respiration modulates the amplitude of the recorded surface

ECG, due to mechanical motion of the electrodes relative to the

heart and impedance changes in the thorax as we breathe. Again,

several researchers have conducted a more careful study of this

phenomenon and have proposed various algorithms for the cal-

culation of an ECG-derived respiratory (EDR) signal.28,29 Such a

signal has obvious potential utility in apnea monitoring because

absence, or diminution, of respiratory effort is a canonical feature

of sleep-disordered breathing. 

In our previous research on adult subjects, we have shown that

combining the information provided by the cyclical variations in

heart rate with that from EDR signals can provide useful diag-

nostic insight. Indeed, we have previously shown that by apply-

ing an automated system for detection of OSA in adults, based

solely on ECG measurements, it is possible to detect more than

90% of obstructive events.20 Such a system is capable of provid-

ing a sequence of minute-by-minute classifications of either nor-

mal or obstructive respiration and also indicates the presence or

absence of clinically significant apnea. However, this methodol-

ogy has yet to be tested in the pediatric arena. Thus, we hypoth-

esized that the ECG would be a useful tool in identifying children

with OSA.

METHODS

PSG Study

Children referred for evaluation for OSA underwent a standard

multichannel PSG study at the Sleep Medicine Center of Kosair

Children’s Hospital, Louisville. Control children without a histo-

ry of snoring also underwent PSG assessment as part of an ongo-

ing research project. The study was approved by the University

of Louisville Institutional Review Board, and informed parental

consent was obtained. For children aged 7 years and above, child

assent, in the presence of a parent, was obtained. Children were

studied for up to 12 hours in a quiet darkened room with an ambi-

ent temperature of 24oC in the company of 1 of their parents. All

children were in bed with lights out between 9:00 and 9:30 PM

and were awakened at 7:00 AM (unless already awake). No drugs

were used to induce sleep. Measurements included chest and

abdominal wall movement by respiratory impedance or induc-

tance plethysmography; heart rate by ECG; and air flow with a

sidestream end-tidal capnograph, which also provided breath-by-

breath assessment of end-tidal carbon dioxide levels (PETCO2;

BCI SC-300, Menomonee Falls, Wisc), a thermistor, or both.

Arterial oxygen saturation (SpO2) was assessed by pulse oxime-

try (Nellcor N 100; Nellcor Inc., Hayward, Calif), with simulta-

neous recording of the pulse waveform. The bilateral electroocu-

lograms, 8 channels of electroencephalogram, chin and anterior

tibial electromyograms, and analog output from a body-position

sensor (Braebon Medical Corporation, NY) were also monitored.

Digital signal acquisition was performed using a commercial

PSG system (Medcare Diagnostics, Amsterdam, The

Netherlands); lead I ECG data was sampled at 256 Hz. Tracheal

sound was monitored with a microphone sensor (Sleepmate,

Midlothian, Virginia), and a digital time-synchronized video

recording was also performed. 

Apnea-Hypopnea Index Scoring

Sleep architecture was assessed using standard techniques by

one of the authors (LMO).30 The apnea index was defined as the

number of apneas per hour of total sleep time. Central, obstruc-

tive, and mixed apneic events were counted. Obstructive apnea

was defined as the absence of airflow with continued chest wall

and abdominal movement for at least 2 breaths.31 Hypopneas

were defined as a 50% or more decrease in nasal flow with a cor-

responding decrease of 4% or more in SpO2, an arousal, or both

31 and were scored if the duration was at least 2 breaths. The

apnea-hypopnea index (AHI) was defined as the number of

apneas and hypopneas per hour of total sleep time. The mean

oxygen saturation, as measured by pulse oximetry (SpO2),

together with SpO2 nadir, was determined. Subjects were classi-

fied as having OSA if their obstructive AHI was ≥ 1 and were fur-

ther divided into mild (AHI < 10), moderate (AHI 10-15), or

severe (AHI > 15). Subjects were classified as controls if their

obstructive AHI was < 1. In our clinical population, similar to

others,17 we have an approximate probability of 60% to 65% for

detecting OSA based on history and physical examination alone.

Classification Methodology

Our aim was to design an automated pediatric apnea screening

system that could correctly assign a subject to 1 of 2 classes:

“normal” or “apneic,” based solely on the given surface ECG

recording. This system was designed using a supervised classifi-

er methodology, ie, we had initially provided the classifier with

both ECG recordings and correct annotations on a training

dataset as judged by a human expert. Data analysis was carried

out using MATLAB (The Mathworks, Inc., Natick, Mass). Our

overall approach was to carry out classification of the recordings

at relatively short timescales (eg, 30 seconds), and then combine

the classifications at short timescales into a single subject classi-

fication. Hence, the automated pediatric apnea detection system

implemented was composed of 3 sections. The first section was

concerned with the accurate extraction of ECG fiducial points—

in particular, successive QRS complexes. The second stage con-

sisted of segmenting the ECG characteristic points into nonover-

lapping fixed-length time segments and calculating features to

best represent changes in the segments due to apnea. Thirdly, a

pattern recognition approach was utilized to classify normal and

apneic data segments, ie, a module capable of discriminating nor-

mal and apneic segments based upon a limited set of known nor-

mal apnea training data. 

ECG Characteristic Point Extraction

ECG processing was aimed at reliable extraction of the RR

interval. This task can be considered as QRS complex detection,
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followed by accurate measurement of the location and amplitude

of the R peaks. A Hilbert transform-based detector was

employed32 in this work. This methodology has been applied in

our research group to a variety of digital ECG signals sampled at

anywhere between 100 Hz and 1 kHz and can cope with severe

electromyogram noise and lead drop out. The detector is suitable

for processing all common electrode lead positions that provide a

distinct R peak and can also be modified to detect the S-wave

minimum if required. The ECG signals were band-pass filtered

between 8 Hz and 18 Hz; the Hilbert transform was then taken of

the first derivative of the signal to emphasize the R peaks. A mov-

ing-window peak search was carried out with adaptive threshold.

This extraction methodology was applied to the 50 complete

datasets, which represented a total of 24,835 minutes. A number

of R peaks were missed due to electromyographic artifact and

electrode detachment; in addition, some spurious noise peaks

were incorrectly detected as R peaks. Of the R peaks that were

analyzed, 1.1% required data conditioning in the form of inter-

polation or deletion. No attempt was made to distinguish normal

sinus beats from aberrant beats, on the basis that such beats were

rare in the 50 subjects considered. The 2 data-conditioning steps

that were incorporated into the RR interval extraction technique

included (1) the removal of physiologically unreasonable inter-

vals and (2) RR series interpolation to help correct for undetect-

ed QRS complexes. Given the set of detected R peaks from each

subject’s ECG signal, the corresponding RR intervals series were

derived. To correct for spurious or missed detections, the follow-

ing methodology was applied. For the case of an RR interval

RR(n) being smaller than 150 milliseconds in length, the QRS

onset R(n+1) was removed from the series. If a particular RR

interval was greater than double the trimmed mean at 10% (ie,

largest 5% and smallest 5% of intervals removed) of the entire

RR series, an estimate of the missing RR interval based upon the

mean of the preceding 5 intervals was inserted. In the case where

the suspect interval length was more than 2.2 times the estimate,

an integer number of replacement RR intervals were generated

for insertion into the series using a sliding window based on the

preceding 5 intervals. This postprocessing step ensured a set of

physiologically reasonable RR intervals, as per the example

shown in Figure 1. 

Interval Segmenting and Feature Choice

The second stage of the detection process focused on the seg-

mentation of the RR series and subsequent feature estimation. In

this work, the RR intervals were split up into 15-second, 30-sec-

ond, or 1-minute nonoverlapping segments. Each segment was

labeled as either normal or 1 of the available preclassified and

verified apnea events: OA (obstructive apnea), OH (obstructive

hypopnea), CA (central apnea), or MA (mixed apnea). This label-

ing was carried out from the respiratory-event list generated dur-

ing the scoring process, which gave the onset and offset times of

all significant respiratory events. A segment label was determined

by whether it contained greater than 10% of the segment length

of 1 of the annotated respiratory events listed above. The seg-

ment-labeling method is shown in Figure 2. Note that this poten-

tially led to a 5-class problem. This was avoided by collapsing

OA, OH, and MA into a single “apnea” class and by not includ-

ing CA events in the classification process (since these were rare

in this data set—40 CA events occurred in total for the 50 sub-

jects considered). It was then desirable to choose the temporal

and/or frequency features of the ECG that most clearly repre-

sented differences between normal and apneic respiration. Many

different features of the ECG characteristic point series can be

considered. The main features considered in this study were

mean, SD, serial correlation coefficients, and the interval-based

power spectral density (PSD) of the RR intervals,20,33 as well as

features obtained from an EDR signal.28

For each segment, the temporal features investigated included

the mean and square root of the SD of the RR intervals within

that segment and the first 3 serial correlation coefficients. The

serial correlation coefficients were derived from the cross-corre-

lation between a subset of the segmented series and a shifted ver-

sion of same; this provided an indication of the persistence in a

time series. As an example, the first serial correlation coefficient

of a series of RR intervals x of length  was estimated by:

The frequency-based measures considered included PSD esti-

mates of the RR-interval series directly and of an EDR signal.

The EDR signal was obtained by looking for the modulation of

the R peak by respiration (due to mechanical motion of the

ribcage during ventilation, which causes chest electrodes to move
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Figure 1—A segment of an RR-interval series for a subject before (top)

and after (bottom) deletion/interpolation postprocessing was applied.

Figure 2—The RR-interval series is segmented into “normal” and

“apnea” segments—the annotation decision is based on a comparison

between the length of associated obstructive apnea falling within a seg-

ment and a threshold based on segment length. OH refers to obstructive

hypopnea; OA, obstructive apnea; MA, mixed apnea.



relative to the heart). To derive the EDR signal, it was necessary

to first filter the ECG signal twice with median filters of length

172 milliseconds and 586 milliseconds, respectively, and subtract

the resulting baseline wander signal from the ECG. By integrat-

ing over the range 10 milliseconds before and 10 milliseconds

after the value of the R peak, an estimate of respiration at a time

corresponding to the R peak was generated.

The spectral features were obtained from the RR and EDR

intervals using Welch’s averaged, modified periodogram method.

The resulting interval-based PSD was scaled and made to

approximate a count-based PSD by scaling the interval axis by

the mean RR value.33 For the RR-interval data, the spectrum was

obtained by zero padding to length 1024; the features of interest

were derived from the log values of eighteen 0.03-Hz-wide fre-

quency bins in the range 0 to 0.54 Hz. The spectrum of the EDR

was obtained by zero padding to 512; 11 features were obtained

from the log values of 0.05-Hz-wide bins in the range 0 to 0.55

Hz. The classifier models considered in this study implicitly

assume that the feature data have a class-dependent Gaussian dis-

tribution. Classifier performance will be degraded when the actu-

al feature statistics differ significantly from this assumption.

Therefore, a log transformation was applied to the PSD features

in order that the histogram of the transformed feature might more

closely approximate a Gaussian distribution. Features were cho-

sen by systematic search. To summarize, each segment produced

34 features. For convenience, features were divided into 2

groups: RR features and EDR features.

Classification Stage

A supervised training technique was used to derive the classi-

fier used in our study.34 In this study, a quadratic discriminant

(QD) model was used with Mahalanobis distance.35 (Details

relating to the derivation and use of this quadratic discriminant

classifier are described in the Appendix.) The use of an ad hoc

postprocessing step was also investigated; if a segment was

scored as “apnea” but had neighboring segments that were both

scored “normal,” it was reclassified as “normal.” This had the

effect of removing apneic events isolated to a particular seg-

ment—ie, some false positives would be filtered but at the

expense of reduced sensitivity. 

The performance of the classifier scheme on a particular

dataset was initially calculated on a per-segment basis. A true-

positive segment was one that both the human expert and auto-

mated classifier labeled as “apnea,” a true-negative was one

labeled as “normal” by both, a false-positive was one labeled as

“apnea” but that was actually “normal,” and so forth. Specificity,

sensitivity, positive predictive value, and negative predictive

value were all defined in a standard fashion. Accuracy was

defined as the total number of correctly classified segments

divided by the total number of segments observed. After training

a classifier using training data, the classification performance can

be estimated by processing the training data with the classifier.

However, such classification performance estimates tend to be

optimistic, as the classifier would have already been adapted to

that particular dataset. In this study, more realistic estimates of

classifier performance were obtained using a leave-1-out cross-

validation scheme.36 In this scheme, 1 subject’s data were with-

held, and classifier parameters were obtained by using all the

other available training data. The classification performance of

the resulting classifier can then be estimated on the 1-withheld

set. Overall estimated classification performance can then be

obtained by averaging the results over all possible withheld sets.

In this way, test specificity, sensitivity, and accuracy figures may

be produced on a per-segment basis. From the per-segment clas-

sification of the training set, a simple per-subject decision was

possible by counting the average number of detected apnea seg-

ments per hour of sleep (as defined by sleep staging) and choos-

ing an appropriate threshold. An optimum choice of threshold

was inferred from the receiver operating characteristic (ROC)

curve37—ie, the threshold that gives the point nearest the (0,1)

coordinate. By selection of this threshold, the sensitivity and

specificity coordinates of the overall clinical classifier were then

generated. Segment lengths of 15, 30, and 60 seconds were con-

sidered. Previous work on adult ECG classification focused on a

database of containing 60-second segments.22 The shorter seg-

ment lengths were also investigated in case the pediatric obstruc-

tive events might be captured more easily, although risking that

the low frequency fluctuations of interest might be incompletely

described.

In order to determine the clinical value of using the ECG, we

also calculated likelihood ratios. These ratios indicate how much

a diagnostic test result raises or lowers the pretest probability of

a subject being classified as OSA or normal, given a positive or

negative outcome to the test. The segments-per-hour, based on

the best performing classifier model, are cross-correlated with

observed AHIs to produce a parametric r value and associated P

value.

RESULTS

In this work, PSG data from 50 subjects were considered.

Expert scoring of the data yielded 22 control subjects and 28

apneic OSA subjects. Subject characteristics are given in Table 1.

Of the apneic subjects, 7 were classified as having mild OSA, 10

as moderate OSA, and 11 as severe OSA. 

The 50 subjects were divided into 2 sets: a training set of 25

subjects (11 normal, 14 OSA), and a withheld test set of 25 sub-

jects (11 normal, 14 OSA). The withheld data were never used for

training of classifier models and, thus, represented independent

test data. Table 2 gives the per-segment and per-subject classifi-

cation performances that were achieved using the classifier

model described above and with various feature sets at different

timescales. Results are presented both with and without postpro-

cessing of segment annotations. The 60-second segment with

RR60 features performed best on a per-subject basis across the
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Table 1—Demographic Information of 50 Children 

Parameter Normal Apneics

(n = 22) (n = 28)  

Age, y 9.1 ± 3.3 8.5 ± 4.8, (1.2–16)  

Sex, % male 59 50  

AHI 0.06 ± 0.13* 20.6 ± 21.2*  

BMI 20 ± 9 (13.7-42.4) 25.6 ± 10.4 (13.8-51.8)  

Data are presented as mean ± SD (range), unless otherwise noted. AHI

refers to apnea-hypopnea index; BMI, body mass index.

*Statistically significant differences between control and apneic

datasets at P <.01



training data. While the results on a per-segment basis were rela-

tively modest (features had been empirically tuned to maximize

per-subject results), the real potential clinical utility lies in

whether combinations of the per-segment classifications could

yield an overall reliable clinical classification for individual sub-

jects. 

A simple per-subject decision was made by counting the aver-

age number of detected apnea segments per hour of sleep from

the output of the automated classification system. Figure 3 shows

that the segments-per-hour (using the RR60 classifier model) are

reasonably correlated with observed AHIs (parametric r value

was 0.5, P < .0001). It was apparent that a threshold of 12.5 seg-

ments per hour could be used to separate the “normals” from the

“apneics,” though not with 100% accuracy. By selection of this

threshold, the sensitivity and specificity coordinates of the over-

all clinical classifier were generated, as per the ROC plot of

Figure 4 (top) using a range of hard decision thresholds. An opti-

mum choice of threshold from this ROC plot yields a sensitivity

of 85.7%, a specificity of 90.9%, and accuracy of 88%. The area

under the curve (AUC) using trapezoidal numerical integration

was 0.92. When the same thresholds were applied to the test data,

12 out of 14 apnea cases and 9 out of 11 normals were correctly

identified (sensitivity of 85.7%, specificity of 81.8%, and accu-

racy of 84%). The AUC was 0.83. The positive and negative pre-

dictive values were 85.7% and 81.8% respectively. The positive

likelihood ratio (LR+, defined as Se/[1-Sp]) was 4.71, increasing

ECG-based analysis of OSA—Shouldice et alSLEEP, Vol. 27, No. 4, 2004 788

Table 2—Classification Performance on the Training Set (n = 25) and Test Dataset (n = 25)

Average training set results Training set results Average of test set results Test set results

per-subject decision per-subject decision

Feature No. Acc. Sens, Spec Sens Spec Acc Sens, Spec Sens Spec

set feat

RR15 23 89.1% 33.7%, 92.7% 78.6% 72.7% 83.3% 34.9%, 86.7% 92.9% 81.8%

92.3% 22.6%, 96.8% 78.6% 72.7% 88.5% 24.7%, 92.9% 85.7% 81.8%

EDR15 11 44.2% 68.6%, 42.6% 78.6% 72.7% 43.5% 65.7%, 42.0% 71.4% 72.7%

46.2% 64.2%, 45.0% 78.6% 72.7% 45.6% 60.8%, 44.6% 71.4% 72.7%

RR15+ 23+11 85.2% 38.1%, 88.2% 92.9% 72.7% 74.5% 37.2%, 77.2% 71.4% 72.7%

EDR15 88.1% 27.3%, 92.0% 78.6% 72.7% 80.3% 27.9%, 83.9% 71.4% 72.7%

RR30 23 81.1% 61.0%, 82.6% 85.7% 81.8% 62.3% 78.2%, 60.9% 100% 72.7%

86.5% 50.5%, 89.3% 78.6% 81.8% 67.7% 73.3%, 67.2% 85.7% 81.8%

EDR30 11 42.9% 56.6%, 41.8% 57.7% 81.8% 50.8% 57.3%, 50.3% 71.4% 72.7%

45.7% 49.8%, 45.4% 57.7% 81.8% 54.4% 51.1%, 54.6% 64.3% 81.8%

RR30+ 23+11 79.7% 58.1%, 81.3% 92.8% 72.7% 60.0% 75.3%, 58.7% 92.9% 63.7%

EDR30 84.3% 48.7%, 87.1% 92.8% 72.7% 65.3% 70.0%, 64.9% 71.4% 72.7%

RR60 23 82.5% 62.5%, 84.5% 92.9% 81.8% 66.9% 72.4%, 65.5% 78.6% 81.8%

87.5% 52.7%, 90.9% 85.7% 90.9% 72.1% 66.2%, 72.9% 85.7% 81.8%

EDR60 11 55.7% 48.5%, 56.4% 64.3% 72.7% 56.0% 50.3%, 56.7% 64.3% 81.8%

59.7% 41.7%, 61.5% 64.3% 72.7% 60.1% 41.6%, 62.3% 64.3% 81.8%

RR60+ 23+11 82.9% 56.9%, 85.5% 100% 81.8% 64.3% 61.9%, 64.6% 64.3% 72.7%

EDR60 87.1% 47.6%, 91.0% 92.9% 81.8% 69.7% 54.6%, 71.4% 78.5% 72.7%

Feat refers to features; Acc, accuracy; Sens, sensitivity; spec, specificity; RR, RR interval; EDR, electrocardiogram-derived respiratory signal. The

quadratic discriminant classifier model was employed to generate this table, as discussed in the text. RR15 is the set of 23 RR-based features cal-

culated using a 15-second segment, EDR15 is the set of 11 EDR-based features calculated using 15-second segments, and so forth. In each cell of

this table, the upper figure gives a performance without segment postprocessing, the lower is when the postprocessing scheme is used. The best-

performing system on the training set is highlighted in bold.

Figure 3—Agreement between the detected segments per hour and the

apnea-hypopnea index (AHI) for the best-performing classifier in Table

2. The � and � symbols denote control and apneic cases, respectively.



the probability of having OSA from 60% to 83%, and the nega-

tive likelihood ratio (LR-, defined as [1-Se/Sp]) was 0.18,

decreasing the probability of having OSA from 60% to 15%.

Table 3 shows the optimized classification performance for both

the training and test datasets.

The mean heart rates for the 60-second segment lengths (from

all 50 subjects) classed as either “normal” or “apneic” were

found to be 93.5 beats per minute (bpm) and 103.4 bpm, respec-

tively, for subjects aged less than 4 years, 77.8 bpm and 99.8 bpm

for subjects aged 4 to 8 years, 79.6 bpm and 82.6 bpm for sub-

jects aged 8 to 12 years, and 77.1 bpm and 78.7 bpm for subjects

over 12 years of age.

DISCUSSION

The per-subject scores obtained from both the training and

withheld test sets indicate that ECG-based analysis may have

some screening utility for pediatric OSA. Furthermore, a positive

ECG result greatly improved the probability of detecting OSA

from 60% to 83% over and above clinical impression alone,

while a negative result reduced the probability to 15%. Of the 4

false negatives exhibited by the system, 3 were for cases that

would be considered as “mild” (AHIs of 2.6, 3.0, and 6.4, respec-

tively). The remaining false negative was for a subject with

severe OSA, as judged by AHI (the recorded AHI was 17). In

order to determine if there is an underlying systematic reason for

such an anomalous result, it will be necessary to consider a much

larger database of results. A possible cause is that this subject had

the largest recorded body mass index BMI value (51.8) in the

database. In recent work, it has been shown that obesity in ado-

lescents is associated with changes in heart-rate variability,

including an overall reduction in low-frequency heart-rate vari-

ability measures as compared to nonobese control subjects, and it

is possible that, in some cases, these systemic changes are mask-

ing changes in the autonomic response to sleep-disordered

breathing.38 The system also displayed 2 false positives on the

test data. In fact, our system characterized these 2 subjects with

AHIs of 0.1 and 0 as having segment-per-hour measures of 28.3

and 30.8, respectively, which are well in excess of our threshold

value of 12.5. We note in passing that these 2 subjects had some

of the lowest BMI values in the database (16.9 and 13.8, as

against a lowest recorded BMI of 13.7). At present, we have no

plausible mechanism to explain why subjects with low BMI val-

ues might be misclassified, and it is perfectly possible that the

correspondence between low BMI and false-positive misclassifi-

cation is by chance alone. 

A potential limitation of our method is that we have no direct

access to sleep-staging information from an ECG alone and thus

cannot, for instance, provide comparative mean heart-rate values

for wakefulness during the sleep period. In addition, our tech-

nique does not provide any record of SaO2, nor does it provide

information about body position, which can also be of clinical

significance. Finally, the current system makes no attempt to dis-

tinguish CA, or to distinguish obstructive and mixed hypopneas

from obstructive and mixed apneas. Despite these limitations,

however, we believe that this initial study, which correctly clas-

sified 21 out of 25 subjects using ECG alone, indicates that our

approach may have clinical utility. Our results with automated

ECG analysis fall within the reported interrater and intrarater

reliabilities for sleep scoring.39

To place our work in context, it is pertinent to compare the effi-

cacy of the system outlined in this work with other OSA-screen-

ing systems for pediatric subjects. Most of these trials, however,

do not utilize independent training and test sets as we have done,

making direct comparisons somewhat difficult.

Silvestri et al40 used a measure of percentage of ideal body

weight, presence of adenotonsillar tissue, and the presence of 5 or

more sleep-associated breathing-disorder features to predict PSG
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Figure 4—The receiver operating curve points, based on a range of

hard decision thresholds applied to the cross-fold validation results

from the 25 training sets (top) provided the decision threshold that,

when applied to the 25 withheld datasets (bottom), yielded a specifici-

ty of 81.8% and sensitivity of 85.7%.

Table 3—Optimized Classification Performance for 25 Training and

25 Test Datasets. 

Classification Output 

25 training 25 withheld

datasets datasets 

Normal Apneic Normal Apneic 

Expert Normal 10 (TN) 1 (FP) 9 (TN) 2 (FP)

Annotation Apneic 2 (FN) 12 (TP) 2 (FN) 12 (TP)  

TN refers to true negative; FP, false positive; FN, false negative; TP,

true positive.



disorders in obese children. The reported overall accuracy on a

per-subject basis was 81% from a database of 32 subjects (as

compared to 84% over 25 test subjects for our method). It should

be noted, however, that the probability of OSA is markedly

increased by the concomitant presence of obesity and that, there-

fore, extrapolation from this study to ours is not possible.

Oximetry-based screening has also been widely suggested for

both adult and pediatric populations. However, a confounding

factor in children is that obstructive events frequently do not lead

to significant oxyhemoglobin desaturation41; in addition, differ-

ent averaging times and movement artifact may lead to false

desaturation detection.42 Brouillette et al17 obtained a positive

predictive value of greater than 97% (over 349 subjects) in the

case of children suspected of having OSA, using overnight pulse

oximetry alone (as compared to a positive predictive value of

86% in our study). However, in order to achieve such a high pos-

itive predictive value, their test produced significant numbers of

inconclusive results, ie, lowered sensitivity, and required some

manual scoring.

Nap-based PSG OSA screening is possible, although studies

rarely contain rapid eye movement sleep. In addition, many chil-

dren are unlikely to display spontaneous daytime sleep in an

unfamiliar environment.43 Therefore, such studies require seda-

tion and tend to have good specificity but poor sensitivity.

Marcus et al18 compared 1-hour daytime nap to overnight PSG in

40 children (mean age 5.4 years) and achieved detection sensi-

tivity of 74%, specificity of 100%, positive predictive value of

100%, and negative predictive value of 17% (as compared to

86%, 82%, 86%, and 82% in our study). Again, there is a need

for some manual scoring.

Sonography and videography represent further alternative

screening techniques. Lamm et al15 evaluated home audiotapes as

an abbreviated test for OSA syndrome in 36 (29 completed study)

children yielding a median sensitivity of 71% and specificity of

80%. Sivan et al16 used home videotape recording in 58 children

for OSA screening, with a sensitivity of 94% and specificity of

68%; however, the high sensitivity and low specificity suggest

that the parents probably selected the worst 30-minute recording

clips for review by physician.44 Reliable video recording with

suitable lighting and recording conditions, and subsequent analy-

sis, requires scoring by trained personnel. Finally, minimal sets of

cardiorespiratory signals (cardiorespiratory sleep studies) that

typically include 2 or more signals such as chest wall movement,

pulse oximetry, heart rate, body movement, or airflow have also

been considered.44 These studies have been shown to be sensitive

to OSA, but mostly in adults and frequently in a sleep lab during

simultaneous PSG.45,46

In summary, existing techniques for screening are expectedly

afflicted by several limitations such as low sensitivity or speci-

ficity (clinical history, oximetry, nap studies, sonography), or

complexity (videography), or insufficient validation on pediatric

populations (cardiorespiratory screening), or the need for some

manual scoring (all techniques). The sensitivity and specificity of

our proposed method is equal to or better than these alternative

methods, as judged from this initial database of 50 subjects. Our

method, as presented, is a fully automated screening system. A

second significant advantage is the ease of recording an

overnight ECG signal both in terms of comfort to the subject and

reliable signal acquisition. Ambulatory (Holter) ECG monitoring

is one of the most frequently carried out diagnostic tests and is

well tolerated in the general population. The ECG detector con-

sidered here is capable of handling a wide range of input sam-

pling frequencies and a variety of lead positions containing an R

peak acquired via Holter monitors. In general, exact electrode-

placement position is not critical and good signal quality can be

maintained over long periods of recording. Finally, since the pro-

posed method is in theory capable of piggybacking onto existing

Holter tests, it could be combined with a screening test for car-

diac problems. We conclude that overnight ECG-based screening

for OSA in pediatric patients, using the outlined automated apnea

classification system, is technically feasible and appears to have

potential clinical utility. However, significantly more clinical

experience with the technique, and a detailed cost-benefit analy-

sis, would be required to evaluate its true clinical utility as a

screening tool.
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APPENDIX 

Quadratic Discriminant Classifier with Mahalanobis Distance

This model provided a posterior probability estimate of the likelihood of

a segment belonging to either the normal or apneic class. Training of the

quadratic discriminant (QD) classifier using Mahalanobis distance-

based estimates of classifier parameters consisted of the following steps.

Let x be a column vector containing d feature values. Assume that we

wish to assign x to one of c possible classes. A total of N feature vectors

are available for training the classifier. The number of feature vectors

available for training for class k is Nk and hence:

The nth feature vector for training in class k is designated as xnk . Training

of the models involves determining the class-conditional mean vectors

µk using:

For a QD classifier the stratified covariance matrices,     ’s, are calculat-

ed using:

ECG-based analysis of OSA—Shouldice et alSLEEP, Vol. 27, No. 4, 2004 791



To classify a feature vector x, the discriminant value, , for each class

is calculated using:

In this study, the estimated posterior probabilities,              , are used.

The estimated posterior probabilities can then be calculated from the dis-

criminant values as:

The segment is then assigned to the class with the higher posterior prob-

ability.
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