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Abstract—Obstructive sleep apnea or hypopnea causes a pause
or reduction in airflow with continuous breathing effort. The aim
of this study is to identify individual apnea and hypopnea events
from normal breathing events using wavelet-based features of 5-s
ECG signals (sampling rate = 250 Hz) and estimate the surro-
gate apnea index (AI)/hypopnea index (HI) (AHI). Total 82 535
ECG epochs (each of 5-s duration) from normal breathing dur-
ing sleep, 1638 ECG epochs from 689 hypopnea events, and 3151
ECG epochs from 1862 apnea events were collected from 17 pa-
tients in the training set. Two-staged feedforward neural network
model was trained using features from ECG signals with leave-one-
patient-out cross-validation technique. At the first stage of classi-
fication, events (apnea and hypopnea) were classified from normal
breathing events, and at the second stage, hypopneas were identi-
fied from apnea. Independent test was performed on 16 subjects’
ECGs containing 483 hypopnea and 1352 apnea events. The cross-
validation and independent test accuracies of apnea and hypopnea
detection were found to be 94.84% and 76.82%, respectively, for
training set, and 94.72% and 79.77%, respectively, for test set. The
Bland–Altman plots showed unbiased estimations with standard
deviations of ± 2.19, ± 2.16, and ± 3.64 events/h for AI, HI, and
AHI, respectively. Results indicate the possibility of recognizing
apnea/hypopnea events based on shorter segments of ECG signals.

Index Terms—ECG, neural networks (NNs), obstructive sleep
apnea (OSA), sleep study, wavelet.

I. INTRODUCTION

H EALTHY sleep is an essential mechanism for maintain-
ing mental as well as physical health. Obstructive sleep

apnea (OSA) is a temporary closure of the upper airway dur-
ing sleep when air is prevented from entering the lungs. When
breathing does not stop but the volume of air entering the lungs
with each breath is significantly reduced, then the respiratory
event is called a hypopnea. It causes fragmented sleep, daytime
fatigue, and impaired cognitive functioning leading to memory
loss. OSA has been implicated in the etiology of hyperten-
sion [1], angina, myocardial infarction, arrhythmias, ischemia,
and cardiac arrest at night [2], [3]. Repetitive drops in nighttime
blood oxygen levels caused by OSA can cause long-term hy-
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poxia that puts an individual at a much greater risk for stroke
because of the stress it places on the heart and brain. These
factors relate to the higher rate of hypertension in patients
suffering from OSA. Sleep apnea is also strongly associated
with obesity [4]. In spite of the high prevalence and serious-
ness of the condition, nearly 80% of people with OSA remain
undiagnosed and untreated in Australia (details available at:
http://www.sleepaus.on.net/). Early diagnosis and subsequent
treatment of Sleep disordered breathing (SDB) with continuous
positive airway pressure (CPAP) could prevent adverse health
consequences. Addressing the global challenges in the early
diagnosis of sleep apnea could lead to an early intervention
of major cardiovascular diseases, potentially offering dramatic
savings in health care costs and reducing unnecessary loss of life.

The traditional methods for assessment of sleep-related
breathing disorders are sleep studies (polysomnography), with
the recording of EEG, electrooculography (EOG), electromyo-
graphy (EMG), ECG, oronasal airflow, respiratory effort, and
oxygen saturation [5]. Accurate identification of an apnea or
hypopnoea event requires direct measurement of upper airway
airflow and respiratory effort. Currently, a definitive diagnosis
of sleep apnea is made by counting the number of apnea and hy-
popnoea events over a given period of time (e.g., a night’s sleep).
Averaging these counts on a per-hour basis leads to commonly
used standards such as the apnea index (AI)/hypopnea index
(HI) (AHI) or the respiratory disturbance index (RDI) (Ameri-
can Academy of Sleep Medicine (AASM), 1999). An AHI up to
5 is regarded as normal, an AHI of 5–15 events/h as mild sleep
apnea–hypopnea syndrome (SAHS), an AHI of 15–30 events/h
as moderate SAHS, and an AHI above 30 events/h as severe
SAHS [5].

In Australia, sleep centers in hospitals are currently operating
at full capacity, and polysomnographic (PSG) patient usually
suffers from a low availability reflected up to six-month waiting
lists for testing. Therefore, the development of reliable low-cost
techniques for identification of subjects with sleep apnea would
be a significant improvement in early diagnosis. This would
allow sleep centers to focus on critical patients requiring imme-
diate assessment, for example, of patients with comorbidities
such as heart failure and chronic obstructive pulmonary disease
(COPD).

To date, most cross-sectional prevalence studies, as well as
longitudinal follow-up studies, on sleep apnea syndrome have
relied on either subjective questionnaire-based data and large
sample sizes, or objective PSG-based data and small sample
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sizes. The reliable low-cost screening techniques may enable
studies with larger samples based on objective evidence for
sleep apnea syndrome to be carried out. Such studies may give
better estimates of the prevalence of sleep apnea syndrome in
the population at large, as well as long-term evaluation of de-
veloping comorbidity and treatment outcomes.

Early in the investigation of OSA, it was recognized that the
events of apnea and hypopnoea are accompanied by concomitant
cyclic variations in heart rate [6]. Until now, this ordered varia-
tion in heart rate has been applied to the detection of sleep apnea
by only a few groups [7], [8]. The pattern of brady/tachycardia
is closely linked to the time course of apnoeic events. As a
consequence, this pattern had been used successfully to detect
sleep apnea in patients with clinical symptoms for sleep apnea.
A number of studies during the past 15 years were accom-
plished for detecting apnea using features extracted from the
electrocardiogram. Such approaches are minimally intrusive,
relatively inexpensive, and may be particularly well-suited for
medical screening tasks. Therefore, a challenge was offered to
the biomedical research community to demonstrate the efficacy
of ECG-based methods for apnea detection using a large, well-
characterized, and representative set of data [9]. This compe-
tition was jointly conducted, between February and September
2000, by Computers in Cardiology (CINC) and PhysioNet [9] to
assess whether the ECG could detect apnea during each minute
of the recording. Heart rate variability indexes and morphology
of ECG were used as features for recognizing the 1-min ECG
clips containing apneas. Among all participants in the apnea
challenge, six participants used spectral analysis of heart rate
variability [9]. Two studies used the Hilbert transform to ex-
tract frequency information from the heart rate signal [9]. Three
algorithms used time–frequency maps for the presentation of
the heart rate variability. One of the participants used a thresh-
old for the ratio of the spectral power of the heart rate in two
fixed frequency bands (0.01–0.05 and 0.005–0.010 cycles per
beat) [9]. Several studies used different ECG-derived parameters
in addition to heart rate variability, i.e., ECG pulse energy [10],
R-wave duration [11], and amplitude of the S component of each
QRS complex [10], and two used the ECG-derived respiration
(EDR) technique [12] to measure the amplitude modulation
of the ECG signal to estimate respiratory activity. These were
based on spectral analysis of the R-wave amplitude using power
spectral density (PSD) [13] and T-wave amplitude using the
discrete harmonic wavelet transform [14]. The algorithms that
performed best (accuracy of 90% in recognizing apnea within
1 min period) used frequency-domain parameters of heart rate
variability or the EDR signal with R-wave morphology [9]–[14].

To the best of our knowledge, there has been no mention in
the literature of ECG-based algorithms that are able to recog-
nize the actual individual respiratory events. Currently, the most
successful reported methods attempt to detect if a subject has
sleep apnea [15] (without reliable estimate of the AHI value) or
if there is a sleep apnea event during any given minute. Estimat-
ing AHI without correctly identifying the individual respiratory
events could give wrong assessment of the severity of sleep ap-
nea disorder. Chazal et al. [16] reported that apnea classifier
accuracy depends on the ECG epoch length, and the shortest

epoch, as 15-s ECG epoch, showed lowest accuracy in detect-
ing apnea events. No differentiation between apnoea and hy-
popnoea events was made when events of disordered breathing
were scored. We have recently reported that frequency analysis
of short-term broadband (sampling frequency ≥ 250 Hz) ECG
signal surrounding an apnea event could reveal much more in-
formation in addition to heart rate variability extracted from
R–R intervals of ECG [17].

This study, therefore, aims to automatically recognize ac-
tual apnea/hypopnea events from normal breathing events using
wavelet-based features of ECG signal over 5 s sliding window
and two-stage feedforward neural network (NN). Model-based
scoring results are compared with original scoring for the events.

II. METHODS

A. Subjects and Sleep Studies

In total, 17 sleep studies were used to develop our classifi-
cation algorithms and 16 test studies were used to provide an
independent test performance assessment of our model. Sleep
studies were collected from the database of Institute of Breathing
and Sleep, Austin Hospital, Melbourne, Vic., Australia. Brief de-
scriptions of the databases are as follows. The research protocol
was approved by Austin Ethics in Human Research Committee
(H2008/03252). The polysomnograms of 33 sleep apnea pa-
tients [(mean ± SD) age 52 ± 9 years and body mass index
(BMI) 30 ± 2 kg/m2] were analyzed. PSG study included EEG
(channel C3–A2 and C4–A1), left and right EOG, leg move-
ments, body positions, thoracic and abdominal wall expansion
(by respiratory inductive plethysmography), oronasal airflow
[by nasal pressure (NP)], arterial oxygen saturation SaO2 (by
pulse oximetry), and ECG (sampling frequency = 250 Hz with
a resolution of 16 bits per sample). All subjects were free of
any cardiac history. Diagnosis was based on clinical symptoms
and PSG outcomes. Respiratory events were scored using cri-
teria proposed by the AASM [5]. Hypopneas were defined as
a >50% reduction in airflow from the baseline value lasting
for >10 s and associated with a 4% desaturation or an arousal.
Obstructive apnea was defined as the absence of oronasal air-
flow for >10 s in the presence of persistent respiratory efforts.
Patients with only obstructive apnea and hypopnea are consid-
ered in this study. The range of apnea/hypopnea index (AHI) of
patients was 0–69.91.

B. Feature Extraction

Fig. 1 shows the schematic diagram of the proposed approach
for which the input is ECG and the output are apnea, hypopnoea,
and normal. The input ECG (sampling frequency = 250 Hz)
signal was divided into 5-s epochs. The signal was bandpass
filtered with lower cutoff of 1 Hz and a higher cutoff frequency of
125 Hz. The process is divided into two stages—event detection
and event-type (apnea/ hypopnea) classification.

Total 82 535 ECG epochs (each of 5-s duration) from normal
breathing during sleep, 1638 ECG epochs from 689 hypopnea
events, and 3151 ECG epochs from 1862 apnea events were
collected from 17 patients in the training set to develop the
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Fig. 1. Flow chart of the proposed method to detect apneic events and classify
apnea type (apnea/hypopnea).

model. Independent test was performed on ECG signals of 16
patients containing 483 hypopnea and 1352 apnea events.

A discrete wavelet transform of 5-s ECG clip was used to
extract the features. The wavelet transformation gives a decom-
position of a given signal into a set of approximate (Ai) and
detailed (Di) coefficients of level i (i = 1, . . ., 8). A Symlet
wavelet with order 3 was chosen as the mother wavelet for de-
composition. Wavelet decomposition of three ECG clips (during
normal, hypopnea, and apnea breathing episodes) of a sleep ap-
neoa patient (no. 26; AHI = 37.84) is illustrated in Fig. 2. All
features were normalized by calculating their z-scores before
applying them to the classifiers.

C. Event Detection (Stage 1)

In the first stage of event detection over all ECG epochs,
events including OSAs and hypopneas were classified from nor-
mal breathing. Each ECG epoch was decomposed into eight lev-
els of detailed coefficients using mother wavelet Symlet (sym3).
Shannon’s entropy [18], mean, variance, skewness, and kurtosis
were extracted from one approximate and eight detailed coeffi-
cients levels. In total, 45 features were calculated. A feedforward
artificial NN structure [19] with one hidden layer consisting of
30 neurons was chosen, resulting in a 45:30:2 topology. The
network was a fully connected feedforward network, with sig-
moid activation functions and bias values used throughout. All
NN processing was performed in the MATLAB environment.
Before the features were used as input to the classifier, a me-
dian filtering was performed. The feature value output of the
smoothing operation or an epoch was the average of the feature
values for that epoch with the surrounding epochs. The input of
the network was formed by 45 feature vectors. In order to obtain
the optimal set of values for the network weights that minimized
the error function, scaled conjugate gradient (SCG) learning al-
gorithm [20] and the mean-squared error (MSE) as cost function
were employed. The SCG was selected due to its fast conver-
gence speed and low memory requirements. Fig. 3 shows the
box–whiskers plots for training set using leave-one-patient-out
cross validation. The box corresponds to the interquartile range,
the bar represents the median, and the whiskers extend to the
minimum and maximum values. Outliers are data with value

beyond the ends of the whiskers, and are represented by the
plus sign. Thirty neurons in hidden layer obtain the best median
accuracy (=98.27%; min = 96.45% and max = 99.85%) (see
Fig. 3). Patient-by-patient epochs (event versus normal) classi-
fication performance has been summarized in Table I. Apnea
or hypopnea events were counted by combining at least two
consecutive epochs (10 s) or greater in length.

D. Apnea and Hypopnea Classification (Stage 2)

Event epochs recognized in the stage 1 were fed to the input of
the second stage for classifying epochs as hypopnea and apnea.
However, in order to select best features of discrimination ca-
pability for hypopnea and apnea epochs, the area under receiver
operating characteristics (ROCs) curve [21] was estimated for
each individual features (see Table II) of apnea and hypopnea
epochs. An ROC area value of 0.5 indicates that the distributions
of the variables are similar in both populations. Conversely, a
ROC area value of 1.0 would mean that the distribution of the
variables of the two populations do not overlap at all. This re-
sulted in 27 best features (ROCarea > 0.7) containing mean,
variance, and Shannon entropy values of wavelet approximate,
and detailed coefficients at all levels (See Table II for details).
Feedforward single-layer NN with 23 hidden nodes (resulting in
a 27:23:2 topology) was used for classifying hypopnea events
from full apnea events. Fig. 4 shows the box–whiskers plots
for the training set using leave-one-patient-out cross validation,
which demonstrates that 23 neurons in hidden layer obtains
the best median accuracy (=90.81%; min = 67.92% and max =
100%). Patient-by-patient epochs (apnea versus hypopnea) clas-
sification performance has been summarized in Table III.

E. Training and Testing the NNs

A leave-one-patient-out [16] scheme was adopted to evalu-
ate the generalization ability of the classifier. Cross-validation
procedures have been used in a number of classification evalua-
tions, particularly for limited datasets [22], [23]. In this scheme,
a 17 patients dataset was uniformly divided into 17 subsets with
one patient data used for testing and the remaining 16 patients
records used to train NNs parameters. This was repeated for
other subsets so that all subsets were used as the cross-validation
sample. Also, in each simulation, different initial conditions
of the model (weights of the NNs) were employed. The three
measures of accuracy, sensitivity, and specificity were used to
assess the performance of the classifier. In addition, kappa coef-
ficient (κ) [24] was calculated to assess the agreement between
the model and PSG-based event recognition. If κ = 1, then
there is perfect agreement. On the other hand, κ = 0 means no
agreement. Event (apnea/hypopnea) detection accuracy was es-
timated as TP/(TP + FN). TP = true positive (event) and FN =
false negative.

III. RESULTS

We analyzed our results with PSG recordings of 17 pa-
tients containing a total of 1638 ECG epochs (5 s) from 689
hypopnea events and 3151 ECG epochs from 1862 apnea
events. Independent test performance was evaluated over ECG
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Fig. 2. Examples of 5-s ECG epochs during normal respiration, hypopnea, and apnea (obstructive) with corresponding levels 1–8 details coefficients. Symbols
m = mean, σ = standard deviation, and E = Shannon entropy.

Fig. 3. Box–whiskers plots for leave-one-patient-out cross-validation tests using all 45 features in stage 1. Number of neurons in hidden layer was varied from 1
to 45.
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TABLE I
RESULTS OF THE CROSS-VALIDATION EXPERIMENTS OF STAGE 1 OF THE MODEL (EVENT VERSUS NORMAL BREATHING)

TABLE II
SUMMARY OF THE RESULTS OF AREAS UNDER ROC CURVE FOR 45 FEATURES AT STAGE 2 (APNEA VERSUS HYPOPNEA)

recordings of 16 patients (containing 483 hypopnea and 1352
apnea events).

Overall accuracies of epoch classifications in stages 1 and 2
were found to be 98.48% (κ = 0.75) and 88.71%, respectively.
Table IV summarizes the cross-validation results for 17 subjects.
Table V shows the independent test performance on 16 subjects’
overnight ECG recordings. Overall events detection rates for the
training set were found to be 94.84% for apneas and 76.82%
for hypopneas. In the test set, overall events detection rates

were found to be 94.72% for apneas and 79.77% for hypopneas.
Tables IV and V also summarizes the analysis of comparison on
expert annotated events (hypopnea and apnea), and indexes of
each patient with the indexes and the number of events annotated
by our NN model.

Fig. 5 shows an example of 100-s recordings for comparing
original (PSG) and model-based predicted apnea and hypopnea
epochs and events of a test patient (ID 19) with AHIoriginal =
15.72 (AHImodel = 16.97). Although all epochs were not fully
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Fig. 4. Box–whiskers plots for leave-one-patient-out cross-validation tests using all 27 features in stage 2. Number of neurons in hidden layer was varied from 1
to 27. The best accuracy is shown by an arrow at 23.

TABLE III
RESULTS OF THE CROSS VALIDATION EXPERIMENTS OF STAGE 2 OF THE MODEL
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TABLE IV
COMPARISONS ON ORIGINAL APNOEA/HYPOPNOEA EVENTS AND INDEXES (AIorig inal , HIorig inal , AHIorig inal ), AND THE MODEL-BASED EVENTS AND INDEXES

(AIm odel , HIm odel , AHIm odel ) OF 17 PATIENTS IN THE TRAINING SET

TABLE V
COMPARISONS ON ORIGINAL APNOEA/HYPOPNOEA EVENTS AND INDEXES (AIorig inal , HIorig inal , AHIorig inal ), AND THE MODEL-BASED EVENTS AND INDEXES

(AIm odel , HIm odel , AHIm odel ) OF 16 PATIENTS IN THE INDEPENDENT TEST SET

recognized, yet the events were correctly detected. For further
clarification on how individual events were identified, the de-
tection of apnea and hypopnea epochs and events have been
illustrated in Fig. 6. As events were recognized by combining
at least two consecutive epochs (10 s or greater in length), few
individual epochs (apnea and hypopnea) that were seen in the
second panel were removed in the third panel.

All PSG-based indexes were positively correlated with
model-based indexes. The correlation (r) decreased in the
HIoriginal/HImodel (r = 0.94) as compared to that in
AIoriginal/AImodel (r = 0.98) and AHIoriginal/AHImodel (r =
0.97). Figs. 7–9 show Bland–Altman plots. The AImodel ,
HImodel , and AHImodel indexes were unbiased, and they overes-

timated the “true” index by less than 1 event/h (+2 SD: +3.88
events/h, −2 SD: −4.89 events/h; see Table VI) for AI. The
true index was underestimated by less than 2 events/h (+2 SD:
+5.35 events/h, −2 SD: −3.31 events/h; see Table VI) for HI
and less than 1 events/h (+2 SD: +7.79 events/h, −2 SD: −6.76
events/h; see Table VI) for AHI. Visual inspection of Figs. 7–
9 shows that the ECG-model-based indexes tend to estimate
low indexes unbiased, but it tend to over or underestimate high
indexes.

IV. DISCUSSION

This paper describes the development of an ECG-based algo-
rithm for the automatic recognition of individual apnea events
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Fig. 5. Original (PSG) and model-based predicted apnoea and hypopnea epochs (×) and events (—) for the patient ID 19 with AHIorig inal = 15.72 (AHIm odel =
16.97). The events between 10720 and 10820 s (epoch length = 5 s) since the start of the recording are shown.

Fig. 6. Original (PSG) and model-based predicted apnoea (+), hypopnea (×), and normal (◦) epochs and events (—) for the patient ID 19 with AHIorig inal =
15.72 (AHIm odel = 16.97). The events between 9000 and 9750 s(epoch length = 5 s) since the start of the recording are shown.
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Fig. 7. Bland–Altman plot of the relationship of the difference between
AIorig inal versus AIm odel score versus their average values. Mean bias (—
), +2SD, and −2SD lines are shown. SD = standard deviation.

Fig. 8. Bland–Altman plot of the relationship of the difference between
HIorig inal versus HIm odel score versus their average values. Mean bias (—
), +2SD, and −2SD lines are shown. SD = standard deviation.

and types (apnea/hypopnea). In the previous studies, ECG-based
apnea detection algorithms were limited to the use of parameters
derived from heart rate variability and/or amplitudes of R waves
of ECG signals. In this way, a lot of the information embedded
in the ECG signal is discarded. The results of our study suggest
that wavelet analysis of short-term (5 s) ECG signals provides
useful information regarding the effect of individual sleep apnea
and hypopnea on cardiac electrical activities. The results also
indicate the possibility of noninvasively recognizing individual
obstructive apnea and hypopnea events from normal breathing
events based on shorter segments of ECG signals.

The highest ROC areas for Shannon entropy, and the mean
and variance values of detailed coefficients at level 3 (16–32
Hz) were found to be 0.82, 0.80, and 0.79, respectively, (see Ta-
ble II) in discriminating apnea/hypopnea epochs. In ECG signal,
power in the frequencies higher than 20 Hz reflects EMG from
respiratory muscle activity [25]. We speculate that difference in

Fig. 9. Bland–Altman plot of the relationship of the difference between
AHIorig inal versus AHIm odel score versus their average values. Mean bias
(—), +2SD, and −2SD lines are shown. SD = standard deviation.

TABLE VI
SUMMARY OF BLAND–ALTMAN PLOTS (FIGS. 7–9) FOR COMPARISON OF

ECG-BASED INDEXES AND GOLD STANDARD PSG-BASED INDEXES

the intensity of respiratory effort during apnea and hypopnea
events are reflected in 16–32 Hz band of ECG signals.

The Bland–Altman plot is the preferred method for assessing
whether an established and a new measurement technique agree.
It shows the paired difference between two observations on each
subject against the mean of these two observations According to
the Bland–Altman plot, scorings of the NN model were unbiased
(mean bias =−0.5024, +1.0206, and +0.5188 event/h sleep for
AI, HI, and AHI, respectively) with a reasonably small range
of ±2 standard deviations. However, the difference between
the model-based index and PSG-based original indexes tend
to increase with increasing indexes. We found lower hypopnea
event detection rates (76.82% in training set and 79.77% in the
test set) as compared to apnea events (94.84% in training set
and 94.72% in the test set) (see Tables IV and V).

To prove whether the results are acceptable or not, agree-
ment needs to be judged from a clinical viewpoint. However, it
is obvious that NN-based model underdetect hypopnea events
than apnea events. Possible reasons for differences in apnea and
hypopnea detection rates cannot be systematically explained.
But respiratory events of all subjects were later examined and
it was found that respiratory events of the subjects with higher
AHIoriginal , but lower AHImodel , contained hypopneas more
than 25% of the all events. Although an apnea is a near com-
plete cessation of airflow, a hypopnea is partial reduction in the
airflow amplitude caused by airway narrowing (but not total
collapse). In this study, hypopneas were scored from NP sig-
nals because thermocouples are very poor at detecting reduced
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airflow, and NP signal appears to be much more sensitive in the
detection of subtle flow limitation than the thermistor [26]. As
the clinical consequences of these events are similar, it remains
unclear whether this distinction is clinically important. Farre
et al. [27] reported that NP can overdetect hypopneas, due to
the square response of flow. Thurnheer et al. [28] suggested
using a factor of 0.84 to correct the overestimation of the AHI
from NP. NP is also relatively insensitive to distinguishing ap-
neas from hypopneas, and possible misinterpretation could be
such as mouth breathing, occlusion of the prongs by nasal se-
cretions, or displacement of nasal prongs outside the nostrils.
A combination of oronasal thermistor in addition to NP has
recently been proposed to be used in order to avoid potential
misinterpretations [29].

Although there is only one common definition of apnea—a
cessation of airflow for more than 10 s—a variety of defini-
tions of hypopnea exists. In a survey of American Sleep Dis-
orders Association (ASDA) accredited sleep centers, Moser et
al. found that no two laboratories used the same definition of
hypopnea [30]. Tsai et al. [31] compared the effects of four dif-
ferent arousal- and desaturation-based PSG scoring criteria on
the AHI, HI, and the measured prevalence of OSA, and found
that the HI values derived with different scoring methods were
demonstrated to be considerably less correlated with one an-
other. Tsai et al. reported that various scoring criteria yielded
significant differences in the HI, particularly when the HI was
combined into AHI. In addition, this study found that the addi-
tion of arousal-based scoring criteria will increase the measured
prevalence of OSA syndrome if it is diagnosed solely with AHI
cutoff values. In our study, hypopnea was identified and de-
fined as a discernible reduction in thoracoabdominal movement
(>50% reduction in signal) for ≥10 s, associated with either
a ≥4% decrease in oxygen saturation or an arousal. Arousals
were defined as episodes lasting for about 3 s or longer, in
which there was a return of alpha activity associated with in-
creased EMG activity. It would be more comprehensive if we
could have scored all sleep studies by different scoring methods,
and compared the AImodel , HImodel , and AHImodel indexes with
indexes derived from different scoring criteria. Future research
is, therefore, required to explore whether or how ECG-based
apnea–hypopnea scoring results can be justified by comparing
the clinical expert scoring with different criteria existed among
sleep research community. Until now, the application of the
ECG-based algorithm for apnea scoring is restricted to nonclin-
ical populations. Given the high prevalence of sleep apnea and
long waiting lists at sleep unit, many hospitals that do not have
sleep unit may want to start performing portable ECG recording
on symptomatic patients. However, it is important that negative
studies in symptomatic patients screened through portable ECG
recording must be advised for standard polysomnography to
perform further screening. The present study contains few sub-
jects without sleep apnea. With the dataset used in this study, it
is difficult to validate how our algorithm would perform on other
subjects without apnea. Thus, the accuracy of the ECG-based
algorithm would have to be validated before recommending it
as an alternative to polysomnography-based scoring, particu-
larly when disordered breathing in sleep is to be assessed by

surrogate parameter like ECG. If, in the future, this technique
is proven to be reliable (compared with polysomnography), it
could be an easy and inexpensive way to screen sleep apnea
syndrome.
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sleep apnea syndrome by heart rate variability analysis,” Circulation,
vol. 100, pp. 1411–1415, 1999.

[9] T. Penzel, G. B. Moody, R. G. Mark, A. L. Goldberger, and J. H. Peter,
“The apnea–ECG database,” Comput. Cardiol., vol. 27, pp. 255–258,
2000.

[10] J. N. Mcnames and A. M. Fraser, “Obstructive sleep apnea classifica-
tion based on spectrogram patterns in the electrocardiogram,” Comput.
Cardiol., vol. 27, pp. 749–752, 2000.

[11] Z. Shinar, A. Baharav, and S. Akselrod, “Obstructive sleep apnea detection
based on electrocardiogram analysis,” Comput. Cardiol., vol. 27, pp. 757–
760, 2000.

[12] T. Penzel, J. McNames, P. de Chazal, B. Raymond, A. Murray, and
G. Moody, “Systematic comparison of different algorithms for apnoea
detection based on electrocardiogram recordings,” Med. Biol. Eng. Com-
put., vol. 40, pp. 402–407, 2002.

[13] P. De Chazal, C. Heneghan, E. Sheridan, R. Reilly, P. Nolan, and
M. O’Malley, “Automatic classification of sleep apnea epochs using the
electrocardiogram,” Comput. Cardiol., vol. 27, pp. 745–748, 2000.

[14] B. Raymond, R. M. Cayton, R. A. Bates, and M. J. Chappell, “Screening
for obstructive sleep apnoea based on the electrocardiogram. Computers
in Cardiology Challenge,” Comput. Cardiol., vol. 27, pp. 267–270, 2000.

[15] A. H. Khandoker, M. Palaniswami, and C. K. Karmakar, “Support vector
machines for automated recognition of obstructive sleep apnoea syndrome
from electrocardiogram recordings,” IEEE Trans. Inf. Technol. Biomed.
Eng., vol. 13, no. 1, pp. 37–48, Jan. 2009.

[16] P. De Chazal, T. Penzel, and C. Heneghan, “Automated detection of ob-
structive sleep apnoea at different time scales using the electrocardio-
gram,” Physiol. Meas., vol. 25, pp. 967–983, 2004.

[17] C. K. Karmakar, A. H. Khandoker, and M. Palaniswami, “Identification
of onset, maximum and termination of obstructive sleep apnoea events in
single lead ECG recordings,” in Proc. 30th IEEE EMBS Annu. Int. Conf.,
Vancouver, BC, Canada, Aug. 20–24, 2008, pp. 1072–1075.

Authorized licensed use limited to: UNIVERSITY OF MELBOURNE. Downloaded on November 10, 2009 at 18:32 from IEEE Xplore.  Restrictions apply. 



KHANDOKER et al.: AUTOMATED SCORING OF OBSTRUCTIVE SLEEP APNEA AND HYPOPNEA EVENTS 1067

[18] C. E. Shannon, “A mathematical theory of communication,” Bell Syst.
Tech. J., vol. 27, pp. 379–423, 1948.

[19] K. Hornik, M. Stinchcombe, and H. White, “Multilayer feedforward net-
works are universal approximators,” Neural Netw., vol. 2, no. 5, pp. 359–
366, 1989.

[20] M. F. Moller, “A scaled conjugate gradient algorithm for fast supervised
learning,” Neural Netw., vol. 6, pp. 525–533, 1993.

[21] J. A. Hanley and B. J. McNeil, “A method of comparing the areas under
receiver operating characteristic curves derived from the same cases,”
Radiology, vol. 148, pp. 839–843, 1983.

[22] B. D. Ripley, Pattern Recognition and Neural Networks. Cambridge,
U.K.: Cambridge Univ. Press, 1996.

[23] R. Kohavi, “A study of cross validation and bootstrap for accuracy esti-
mation and model selection,” in Proc. 14th Int. Joint Conf. Artif. Intell.,
1995, pp. 1137–1143.

[24] K. J. Berry and P. W. Mielke, Jr., “A Generalization of Cohen’s Kappa
agreement measure to interval measurement and multiple raters,” Educ.
Psychol. Meas., vol. 48, pp. 921–933, 1988.

[25] N. V. Thakor, J. G. Webster, and W. J. Tompkins, “Estimation of QRS
complex power spectra for design of a QRS filter,” IEEE Trans. Biomed.
Eng., vol. 31, no. 11, pp. 702–706, Nov. 1984.

[26] American Sleep Disorders Association (ASDA) Task Force Report, “EEG
arousals: Scoring rules and examples,” Sleep, vol. 15, pp. 173–184, 1992.

[27] R. Farre, J. Rigau, J. Montserrat, E. Ballester, and D. Navajas, “Relevance
of linearizing nasal prongs for assessing hypopneas and flow limitation
during sleep,” Amer. J. Respir. Crit. Care Med., vol. 163, pp. 494–497,
2001.

[28] R. Thurnheer, X. Xiaobin, and K. Bloch, “Accuracy of nasal cannula
pressure recordings for assessment of ventilation during sleep,” Amer. J.
Respir Crit. Care Med., vol. 164, pp. 1914–1919, 2001.

[29] R. Heinzer, A. Jordan, and A. Malhotra, “Sleep apnea syndrome,” in Wi-
ley Encyclopedia of Biomedical Engineering. New York: Wiley, 2006,
pp. 1–13.

[30] N. J. Moser, B. A. Philips, D. T. R. Berry, and L. Harbison, “What is
hypopnea, anyway?,” Chest, vol. 105, pp. 426–428, 1994.

[31] W. H. Tsai, W. W. Flemons, W. A. Whitelaw, and J. E. Remmers, “A
comparison of apnea–hypopnea indices derived from different definitions
of hypopnea,” Amer. J. Respir. Crit. Care Med., vol. 159, pp. 43–48, 1999.

Ahsan H. Khandoker (M’07) received the B.Sc.
degree in electrical and electronic engineering from
Bangladesh University of Engineering and Technol-
ogy, Dhaka, Bangladesh, in 1996, the M. Eng.Sc.
degree from Multimedia University, Cyberjaya,
Malaysia, in 1999, and the M. Eng. degree and the
Doctor of Engineering degree in physiological engi-
neering from Muroran Institute of Technology, Muro-
ran, Japan in 2001 and 2004, respectively.

He is currently an Australian Research Council
Research Network Program Manager in the Univer-

sity of Melbourne, Melbourne, Vic., Australia, where he is engaged in research
in the area of mathematical processing and machine classification of physiolog-
ical signals. He was associated with Compumedics Pty, Ltd., Melbourne. He
has authored or coauthored more than 60 articles in journals, conferences, and
book chapters. His research interests include the diagnosis of sleep disordered
breathing, gait analysis and its pattern recognition, biomedical instrumentation,
artificial intelligence techniques in physiological modeling, and perinatal car-
diac physiology.

Dr. Khandoker was the Chair of a number of conference sessions, and was
the member of the Technical Program Committee for several major international
conferences. He received several awards including the Monbusho Scholar Medal
in Japan.

Jayavardhana Gubbi (M’08) received the Bachelor
of Engineering degree from Bangalore University,
Bengaluru, India, in 2000, the Ph.D. degree from the
University of Melbourne, Melbourne, Vic., Australia,
in 2007.

For three years, he was a Research Assistant at the
Indian Institute of Science, where he was engaged in
speech technology for Indian languages. Since 2007,
he has been a Postdoctoral Fellow in biomedical sig-
nal processing at the University of Melbourne. He
has authored or coauthored more than 30 papers in

peer reviewed journals, conferences, and book chapters over the last eight years.
His current research interests include wavelets, support vector machines, pattern
recognition, and biomedical signal and image processing.

Dr. Gubbi has been a Conference Secretary for five international confer-
ences, and a member of the Organizing Committee for several conferences in
the area of signal processing and pattern recognition. He was the Publication
Chair of the International Conference on Intelligent Sensors, Sensor Networks
and Information Processing 2008, Sydney, N.S.W., Australia.

Marimuthu Palaniswami (S’84–M’85–SM’94) re-
ceived the B.E. (Hons.) degree from the University
of Madras, Chennai, India, the M.E. degree from
the Indian Institute of Science, Bengaluru, India, the
M.Eng.Sc. degree from the University of Melbourne,
Melbourne, Vic, Australia, and the Ph.D. degree from
the University of Newcastle, Callaghan, N.S.W., Aus-
tralia.

For over 16 years, he has been with the Univer-
sity of Melbourne . He has authored or coauthored
more than 250 refereed papers, and many of them

appeared in prestigious IEEE Journals and Conferences. His current research
interests include support vector machines, sensors and sensor networks, ma-
chine learning, neural network, pattern recognition, and signal processing and
control. He is the Co-Director of Centre of Expertise on Networked Decision
and Sensor Systems. He is an Associate Editor for the International Journal
of Computational Intelligence and Applications and the International Journal
of Information Processing. He is also the Subject Editor for the International
Journal on Distributed Sensor Networks.

Dr. Palaniswami was an Associate Editor for the Journals/TRANSACTIONS in-
cluding the IEEE TRANSACTIONS ON NEURAL NETWORKS AND COMPUTATIONAL

INTELLIGENCE FOR FINANCE. He is the Convener for Australian Research Net-
work on Intelligent Sensors, Sensor networks and Information Processing (ISS-
NIP). He received the Foreign Specialist Award from the Ministry of Education,
Japan, in recognition of his contributions to the field of machine learning.

Authorized licensed use limited to: UNIVERSITY OF MELBOURNE. Downloaded on November 10, 2009 at 18:32 from IEEE Xplore.  Restrictions apply. 


