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Obstructive sleep apnea syndrome (OSAS) is associated 
with significant cardiovascular morbidity,1-3 independent 

of potential confounding factors such as diabetes, dyslipidemia, 
and visceral obesity, and is one of the leading identifiable 
causes of hypertension.4 However, although OSAS is relatively 
prevalent in middle-aged adults5 and preschool children,6 only 
10% to 15% have been diagnosed.7 Diagnosis and treatment is 
important as effective therapy leads to significant reductions in 
cardiovascular mortality and nonfatal cardiovascular events.2,8

The standard for OSAS diagnosis is overnight attended poly-
somnography.9 However, resource constraints in many countries 
mean polysomnography suffers from low availability.10 There-
fore there is considerable interest in the development of reliable 
low-cost techniques for identification of subjects with OSAS, 
and the professional societies in sleep medicine maintain an on-
going interest in the evaluation of potential technologies which 
can address this issue.11

We previously reported an algorithm12 for identifying pa-
tients with OSAS by recognizing both autonomic and respirato-
ry effort-related changes in the ECG that are associated with ap-
neic events. This study prospectively validates the performance 
of our previously developed algorithm on a single channel of 
overnight ECG recording, without retraining the parameters in 
the pattern recognition component of the algorithm.

materials and methods

subjects

Subjects were recruited from patients referred to the Sleep 
Disorders Clinic at St. Vincent’s University Hospital, Ireland, 
for evaluation of suspected OSAS. Consecutive males who 
were free from other medical disorders and not commenced on 
regular medication were recruited. We also recruited healthy 
male subjects from the general population, age- and BMI-
matched to the sleep clinic group. Only males were studied as 
the referral pattern to our sleep clinic is predominantly male, 
and thus there were insufficient numbers of females available to 
provide reliable data. The study was approved by the Hospital’s 
Ethics Committee, and all subjects provided written informed 
consent.

diagnostic Polysomnography

Standard overnight attended polysomnography (including 
one channel of modified lead V2 ECG) was conducted in a 
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comes of an automated ECG-based SDB screening tool with simulta-
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likelihood ratios of 2.16 and 0.08. Estimated and reference AHI were 
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dedicated sleep laboratory at room temperature and humidity. 
An experienced sleep technologist supervised data acquisition, 
and subsequently annotated the respiratory events (including 
obstructive, mixed, and central apneas and hypopneas, and pe-
riodic breathing episodes). The sleep technologist was blind to 
the output of the automated ECG analysis system; likewise, the 
automated ECG analysis was performed blind to the results of 
polysomnography scoring.

Apneas were defined as complete cessation of airflow ≥ 10 
sec and hypopneas as reduction of respiratory signals ≥ 10 sec 
associated with oxygen desaturation > 4% and/or arousal. Ob-
structive events were distinguished from central events by the 
presence or absence of paradoxical thoracic and abdominal 
movements during apneas or hypopneas.

ecg analysis

The ECG analysis algorithm performs an automated classifi-
cation of the single-channel ECG obtained from polysomnogra-
phy. This algorithm divides a recording into 1-min epochs and 
then estimates the probability of each epoch being an “apneic” 
or “normal respiration” minute, using a technique called linear 
discriminant classification. The per-epoch classifications are 
then combined across each recording to obtain a “minutes of 
SDB per hour” measure, which is then mapped to an estimated 
AHI using a linear transformation. Further technical details are 
presented in Appendix A.

In addition, standard Holter reports (Biomedical Systems, 
MO, USA) were obtained on the ECG recordings to objectively 
assess the technical aspects of the recordings and to screen for 
pathologically significant arrhythmias.

ahi estimation

As a variety of solutions have been proposed as diagnostic 
alternatives to polysomnography, the American Academy of 
Sleep Medicine (AASM) has published guidelines for assess-
ing agreement between diagnostic devices.13 In line with these 
guidelines, we use Bland and Altman plots and likelihood ra-
tios. To facilitate comparison with previous work, we also re-
port (Pearson moment) correlation coefficients.

Per-subject screening

For apnea screening, the AASM guidelines suggest focusing 
on likelihood ratios and allowing for a “grey zone,” where the 
result of the screening test is accepted as “indeterminate.” This 
offers an advantage over the commonly used single knife-edge 

threshold approach, as it does not penalize small errors due to 
natural variability.

Accordingly, we adopted the commonly used thresholds 
for defining clinically significant SDB and defined the result 
of the Holter screening test (for OSAS) as negative when the 
estimated AHI was < 5, positive if estimated AHI was ≥ 15, 
and indeterminate if estimated AHI was between 5 and 15. For 
comparison with previous work, we also report our results us-
ing a single knife-edge threshold of 15.

resUlts

Ninety-eight subjects were recruited, and all completed the 
protocol. Data from 6 subjects could not be analyzed due to 
poor quality ECG recordings as assessed by the Holter reports. 
Table 1 summarizes the demographic data and polysomnogra-
phy results, grouped by apnea severity. No subject had clini-
cal evidence of other medical disorders. Most of the subjects 
received testing for full blood count, liver and renal function, 
cardiac enzymes, resting ECG, and assessment of cardiovas-
cular risk factors; all results were within normal limits. Lastly, 
none of the subjects had central sleep apnea syndrome (CSAS) 
(highest proportion of central events per subject was 50%).

ahi estimation

There was a strong correlation between estimated AHI and 
AHI obtained from polysomnography across a wide range of 

Table 1—Summary of Subject Characteristics and Polysomnography Results, Grouped by Apnea Severity

Characteristic Non-OSAS Mild OSAS Moderate to Severe OSAS F (p-value)
n 27 15 50 -
Age (yr) 41.6 ± 6.2 43.1 ± 7.6 41.9 ± 7.5 0.23 (p = 0.80)
Body mass index (kg/m2) 30.9 ± 3.3 31.0 ± 3.8 36.4 ± 7.6 9.08 (p < 0.001)
Apnea-hypopnea index (/h) 1.3 ± 0.9 10.3 ± 3.0 56.3 ± 30.4 60.75 (p < 0.001)
Epworth Sleepiness Scale 8.7 ± 5.6 11.1 ± 4.7 13.8 ± 5.5 7.85 (p < 0.001)

Non-OSAS: AHI < 5; Mild OSAS: 5 ≤ AHI < 15; Moderate OSAS: 15 ≤ AHI < 30; Severe OSAS: AHI ≥ 30. F (p-value): Results of one-way 
ANOVA.

Table 2—Confusion Matrix of Identifying Subjects with SDB 
Based on PSG AHI and AHI Estimated from Holter Analysis

	 Polysomnography	Classification
Holter Estimate N I A Row Total
n 10 1 2 13
i 9 9 2 20
a 8 5 46 59
Column Total  27 15 50 92

A/a: Apnea/ clinically significant SDB (AHI ≥15), N/n: No apnea/ 
clinically insignificant SDB (AHI <5), I/i: Indeterminate test re-
sults (5 ≤ AHI < 15). Each cell indicates the number of subjects 
who had been classified as N, I or A by polysomnography and as 
n, i or a by Holter analysis. For example cell (n,A) shows that 2 
subjects were classified as having apnea by polysomnography but 
Holter analysis indicated they do not have apnea. For calculation 
of (conditional) likelihood ratios, i.e., likelihood ratios conditional 
on obtaining either a positive or negative result, only the numbers 
in boldface were considered.
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apnea severity (r = 0.88, p < 0.001). Corresponding Bland and 
Altman analysis showed a bias in estimated AHI (the Holter 
system underestimates the true AHI for high values of AHI). 
When this bias is removed, the standard deviation of the differ-
ence between the true and estimated AHI is 12.3/h.

In addition, we performed analysis using a modified PSG 
AHI which excluded central apnea and hypopnea events. The 
rationale for this analysis is that the original system was de-
veloped on datasets that had no central apneas or hypopneas. 
The correlation coefficient between the estimated AHI and 
modified PSG AHI is 0.88 (p < 0.001; Figure 1). With estima-
tion bias removed, the standard deviation of the difference be-
tween the modified PSG AHI and the estimated AHI was 12.1/h 
(Figure 2).

Per-subject screening

Table 2 presents the screening results in the form of a confu-
sion matrix obtained by classifying subjects according to the 
preselected AHI bands. As shown, positive and negative likeli-
hood ratios were 2.16 (46/48 divided by 8/18) and 0.08 (2/48 di-
vided by 10/18) respectively. According to AASM guidelines,11 
this represents “little change” and a “large reduction” in terms 
of increasing or decreasing pre-test probabilities respectively. 
14% of subjects (11/77) obtained indeterminate test outcomes.

If a single AHI threshold of 15 was used, the sensitivity of 
our Holter screening test was 92%, specificity 69%, positive 
predictive value 78%, and negative predictive value was 88%.

Table 3 lists the types of arrhythmia encountered. None of 
the subjects had pathologically significant arrhythmia. Inspec-
tion of the results for subjects with more significant amounts 
of ectopy or bradycardia revealed that the presence of ectopy 
or bradycardia did not significantly affect the screening results. 
There was also no correlation between AHI and the percentage 
of ectopic beats (r = −0.05, p = 0.64).

discUssion

ahi estimation

The potential clinical significance of this study is the ability 
of the system to estimate a subject’s AHI using just a single-
channel surface ECG. The results also suggest the utility of the 
system as a screening tool for subjects with suspected OSAS, as 
overnight ECGs can be obtained relatively easily using a Holter 
monitor.

While there is ongoing debate in the sleep medicine commu-
nity on the true value of AHI in estimating disease severity and 
significance, it remains the major objective variable by which 
treatment decisions are usually made. Accordingly, we believe 
that an automated apnea screening system should not only pro-
vide a broad yes/no/maybe output, but also some specific esti-
mate of apnea severity as judged by AHI.

In that respect, our system provides an AHI estimate that 
correlates well with that obtained from polysomnography, al-
though there is a considerable deviation between reference and 
estimated AHI. Also, the system in general overestimated true 
AHI at lower AHI and underestimates occurred at higher AHI. 
However, this may be primarily due to methodological differ-
ences in scoring of hypopneas between the St Vincent’s Sleep 

Figure 1—Scatter plot of estimated AHI and modified PSG AHI 
with best fit regression line. Subjects are grouped by apnea sever-
ity according to their PSG AHI score. Modified PSG AHI: Ref-
erence AHI obtained from polysomnography, excluding central 
apnea and hypopneas. Holter AHI: Estimated AHI obtained from 
ECG analysis. AHI thresholds of 5 and 15 are marked. One sub-
ject with a modified PSG AHI of 167 is not shown to improve the 
figure’s clarity.
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Figure 2—Bland-Altman plot of estimated AHI obtained from 
ECG analysis and modified PSG AHI obtained from PSG, exclud-
ing central apnea and hypopneas. One subject with a modified 
PSG AHI of 167 is not shown to improve the figure’s clarity.
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Table 3—List of Arrhythmias Encountered During Holter Analy-
sis of the Single-Channel ECG Obtained from Polysomnography

Type No of subjects Range
Isolated/paired ventricular ectopy 40 0.1–1a

Isolated/paired supraventricular ectopy 64 0.1–3a

Bradycardia (<50 beats per minute) 61 0.1–83a

Bigeminy runs 3 1–2b

Supraventricular tachycardia runs 2 1b

Ventricular tachycardia runs 0 –
Pauses (>2 sec) 3 1–8b

aPercentage of total heart beats analyzed
b Number of episodes
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ponent in forming an overall clinical judgment, and that factors 
such as BMI, excessive daytime sleepiness, and self-reporting 
of symptoms should also be elicited.

There has been strong interest within the sleep medicine 
community in tools that can approximate the outputs of poly-
somnography with a minimal number of signals. Within this 
context, we used only one ECG channel. Furthermore, because 
our focus is on RR intervals and respiratory modulation of the 
QRS complex, we do not expect performance to be signifi-
cantly degraded by using only one ECG channel. In addition, 
the modified V2 lead was used, which generally provides good 
QRS complexes.

From an electrophysiology point of view, factors such as 
thoracic impedance, temperature and humidity can affect ECG 
recordings. However, as we did not record these parameters, we 
could not analyze the influence of these parameters on ECG and 
hence the proposed system’s ability to identify apneic events. 
Also, we did not focus on balancing the number of controls 
(subjects with AHI < 5, 27 of 92 subjects) and number of ap-
neic subjects (AHI ≥ 15, 50 of 92 subjects) as our focus was on 
the utility of the proposed system in a typical group of patients 
encountered in the sleep clinic. However, we did want to con-
trol for comorbidity and hence we only recruited consecutive 
patients without comorbidities.

The performance of the ECG analysis algorithm in subjects 
with low or minimal heart rate variability (such as in heart fail-
ure patients) is unclear. However, we would expect performance 
to be degraded as the cyclic variations in heart rate (CVHR) 
patterns in these subjects would be diminished. However, we 
would need to conduct a specific study in a target population 
with known reduced heart rate variability in order to definitive-
ly assess the impact of reduced HRV. Roche et al. did suggest a 
useful technique for compensating for reduced HRV by looking 
at differences between daytime and nighttime HRV parameters, 
rather than absolute values of nighttime HRV.16

There are two further limitations to our study in terms of 
assessing its general applicability. The study population was 
male only, and hence the performance of the algorithm in de-
tecting OSAS in women is unknown. We particularly note this 
in the context of well-accepted differences in the presentation 
of OSAS in women (e.g., higher ratio of hypoponeas to apneas 
than in men),19 so it would be not unexpected if the performance 
of the algorithm was different in women, and indeed might need 
to be specifically “tuned” for a female population. However, we 
have tested the algorithm in a small number of females (4 sub-
jects; data not presented) and found no major difference in per-
formance compared to males. Secondly, we cannot extrapolate 
the results of this study to its efficacy in a general population as 
a “screening” tool. Subjects presenting at the Sleep Laboratory 
in many cases have already undergone informal assessment by 
their primary care physician who had identified them as pos-
sible OSAS sufferers. Therefore the studied population has a 
much higher prevalence of OSAS than might be expected in a 
population selected solely for screening.

Despite these caveats, we believe that an important first step 
in assessment of this methodology is to obtain prospective eval-
uation of the automated algorithm in a well-controlled popula-
tion and environment, rather than proceeding directly to evalua-
tion in a more general population in their home environment.

Laboratory and the Marburg Sleep Laboratory, from which the 
data for developing the algorithm were obtained. For example, 
the Marburg Sleep Laboratory requires compensatory hyper-
ventilation as a marker of hypopnea, whereas this is not a cri-
terion in St. Vincent’s. This may introduce a systematic bias as 
noted above; however, in this study we wished to prospectively 
test the existing algorithm on a new database rather than re-
training it to perform optimally on the St Vincent’s database. 
Underestimation at higher AHI could also be due to the time 
resolution of the system, which is unable to resolve multiple 
events occurring within a 1-min interval.

The results also demonstrated the robustness of the algorithm 
in the presence of limited occurrences of central and periodic 
breathing events, even though it was developed using a data-
base without such events. Overall, in this study, central events 
accounted for an AHI of 3.0 ± 4.8/h. However, the performance 
of the system in subjects with predominantly central apnea is 
unclear.

Per-subject screening

The false positives were due to cyclic variations in heart rate 
(CVHR) episodes14 being identified during periods that were 
not scored as apneic events by polysomnography. However, in 
many cases these periods were annotated as “possible events,” 
and in fact, 4 of these subjects were assessed as probably hav-
ing upper airway resistance syndrome (UARS) based on symp-
toms of loud snoring and significant daytime sleepiness. This 
indicates that the system cannot distinguish between UARS and 
OSAS, and would be a limitation of the system. For the false 
negatives, the RR tachograms revealed that the subjects did not 
exhibit sufficiently obvious bradycardia and tachycardia pat-
terns during apneic events to be detected by the system.

For an AHI value of 5 to 15, conservative treatment is usu-
ally prescribed, which consists of weight loss, the use of a lat-
eral sleep position, and avoidance of sedatives and alcohol.15 
Therefore it is possible that the sleep specialist may recommend 
conservative treatment for subjects with an indeterminate test 
outcome, or consider further evaluation with polysomnogra-
phy.

The performance of our system if a single threshold was used 
is comparable with previous work. Roche et al have present-
ed several reports on automated recognition of subjects with 
OSAS using analysis of heart rate variability,16 inter-beat inter-
val times3 and wavelet analysis of the RR interval series.17 They 
obtained sensitivity ranging from 83% to 92%, and specificity 
ranging from 52% to 96%. However, their techniques do not 
provide any temporal information about the occurrence of the 
apneic events, nor do they attempt to map their output variables 
to AHI.

confounding Factors and limitations

As a caveat, AHI derived from polysomnography is itself 
relatively inaccurate since there can be considerable inter-ob-
server disagreement.18 Therefore we should expect the margin 
of error on AHI scoring to be quite large, even among trained 
human experts. This would tend to emphasize that the AHI esti-
mated from the Holter screening system will only be one com-
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aPPendiX a: aUtomated ecg analysis algorithm

The algorithm takes in a single channel of ECG recording. 
QRS complexes were first detected, leading to the set of RR 
intervals. The analysis does not attempt to distinguish between 
RR intervals of normal sinus rhythm origin and non-sinus 
rhythm depolarizations. Numerical simulations have also con-
firmed that infrequently occurring ectopic beats have a negli-
gible effect on the analysis. An ECG-derived respiratory (EDR) 
signal was calculated by finding the area of the QRS complex. 
The ECG amplitude is modulated by respiration, and sampling 
and interpolation of the enclosed ECG area at QRS detection 
points will yield an estimate of respiratory effort at the ribcage 
level, as previously reported.12

For classification purposes, the ECG recording was then bro-
ken into epochs of 1-min duration. A set of numerical features 
was calculated for each 1-min epoch. These features, which 
are a subset of the features described by deChazal, et al.,12 in-
clude the values of the RR interval-based spectrum at 32 evenly 
spaced intervals from 0 to 0.5 cycles/interval, the mean and 
standard deviation of the RR intervals, and the standard heart 
rate variability parameters NN50 and SDSD, calculated over 

To conclude, we have presented an automated ECG analysis 
algorithm for use as a means to recognize subjects with sleep 
apnea. The main advantages of this system are that it provides 
(a) a direct estimate of AHI, and (b) the temporal sequence of 
apnea events during the night, which can assist a clinician in 
forming a diagnosis. In addition, we demonstrated that the au-
tomated system is robust to a range of observed intermittent 
arrhythmias, as might be encountered in a typical population 
being screened for sleep apnea.
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the subject’s apnea-hypopnea index (AHI), the number of ap-
neic minutes in the whole recording was summed and divided 
by the estimated total sleep period to obtain a “minutes of sleep 
disordered breathing per hour” measure. Finally, this “minutes 
per hour” measure was then mapped to an estimated AHI using 
a scaling factor.

the 1-min epoch. Other features calculated include 32 evenly 
spaced values of the EDR spectrum. In this manner, each 1-min 
epoch is associated with a 74-member vector of features.

These vectors were then fed into a linear discriminant clas-
sifier whose output is the estimated probability (between 0 and 
1) of that 1-min epoch containing episodes of OSA. To estimate 
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