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Dear Editor in Chief

Obstructive sleep apnea-hypopnea syndrome
(OSAS) is a breathing disorder during sleep and a
potentially fatal condition affecting millions of
individuals worldwide. The prevalence of OSAS is
increasing with greater obesity and aging interna-
tionally (1). It is characterized by repeated epi-
sodes of airway occlusion (apnea) or narrowing
(hypopnea) during sleep. The outcomes of OSAS
range from serious cardiovascular diseases to cog-
nitive impairment and psychiatric symptoms (2, 3).
While each of these conditions significantly wors-
ens the quality of life, many of the patients remain
unrecognized at a huge medical and economic ex-
pense for themselves and the social health system
(1). The standard diagnostic test for OSAS is
overnight polysomnography (PSG) (4). As PSG is
an expensive and time-consuming procedure, ini-
tial OSAS screening is valuable. The association of
sleep  apnea  severity with  simple
polysomnographic features leads to a minimized
strategy for its home-based detection which de-
creases economic burden on both the patients and
public health system.

Different strategies are proposed for OSAS detec-
tion. Non-polysomnographic parameters such as
body fat distribution, neck circumference, body
mass index (BMI), maxillary and mandibular study
of oral cavity, have been investigated (5). A large
body of literature is dedicated to easily-acquired
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biomedical signals. The most accurate methods of
this approach are based on the electrocardiogram
(ECG), and pulse oximetry (6, 7).

Blood oxygen saturation (SpO2), measured by the
pulse oximetry, is one of the extensively studied
signals for this purpose, because it can be non-
invasively recorded and is suitable for portable
monitoring. Apneas and hypopneas are usually
accompanied by obvious desaturation events con-
sequently; patients with OSAS typically present
unstable SpO2 signals (4). Several quantitative in-
dices are available to measure such irregular be-
havior of SpO2 (7).

To enhance initial health screening facilities, we
sought a novel and minimized approach to OSAS
detection problem. We deliberately avoided com-
putationally complex features with an insight to
implement the algorithms on smart mobile
phones. Pulse oximetery features and heart rate
can be extracted through processing the red com-
ponent of the finger's pictures taken by the phone
camera (8).

To reach a more accurate prediction, we applied
the strong method of mutual information (MI) for
checking the statistical dependency between
overnight simple features (9). We then weighted
the features by their degree of statistical
dependency before feeding them to classification
methods.
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We conducted this study at the Sleep Laboratory
of Ibn-e-Sina Hospital at Mashhad University of
Medical Sciences, Mashhad, Iran from 158 adult
individuals between July 2012 and May 2014. We
determined the severity of OSAS by the value of
apnea-hypopnea index (AHI) which is the number
of apnea and hypopnea events occurring per hour
of sleep (4).

For simplified OSAS diagnosis, we reduced the
requisite features in three phases. First we selected
a set of features out of the general parameters
routinely reported after PSG test. In the second
phase, we shrank the feature set to those
parameters that do not require PSG tests. We fed
the two feature sets to a self-organizing map
(SOM) network for classification (10). Finally we
preserved only the feature with highest MI and
exploited the simpler but similar algorithm of “K-
means” for classification.

The primary feature set is composed of BMI and
simple polysomnographic parameters; respiratory
events (i.e. apneas, hypopneas and respiratory
effort related arousal (RERA)) indices, total
number of blood oxygen de-saturations below
95%,90%,80% and 75% during sleep, total snore
index and snoring arousals index, mean and
minimum level of SpO2 (%) in wakefulness and
sleep, limb movement(LM) index, periodic limb
movement (PLM) index and indices of arousals
associated to LM and PLM, respiratory arousals
Index, minimum and maximum heart rates in
wakefulness, spontaneous arousals index.

If the features are arranged in descending order
according to their degree of dependency to OSAS
severity, the first half of features comprises our
first set: BMI, total snore index, parameters
related to blood oxygen saturation (minimum level
in sleep time, mean level in total recorded time,
number of de-saturations below 95% in sleep),
snoring and respiratory arousals indices, and
minimum heart rate in wakefulness.

These features are fed to a small 2x2 SOM. SOM
is an artificial network  exploiting
unsupervised learning to map the data of the
feature space (training samples) to the 4-
dimensional space of healthy, mild, moderate or
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severe OSAS (10). If the features are weighted
according to their MI values, the most frequent
performance of the classifier enhances (sensitivity:
from 85.7% to 94.2%, specificity: from 96.3% to
97.8%, and accuracy: from 94% to 96.5%). Hence,
we incorporate our findings about the dependency
of features on OSAS severity to SOM classifying
strategy.

In the second phase, we considered non-
polysomnographic parameters (i.e. omitting the
respiratory and snoring arousals). The proposed
classifier remained efficient even in spite of this
reduction. The mean performance values are:
specificity: 85.7%, sensitivity: 96.3%, accuracy:
94%. This indicates that the remained feature set
is enough for SOM classifier to perform
classification with accepted performance.

In the last phase, the feature with highest MI,
“total number of blood oxygen de-saturations
below 95% during sleep” remained. To minimize
the computational burden we exploited the
simpler but similar clustering algorithm. SOMs
with a small number of nodes perform similar to
K-means (10). The mean performance over ten
consecutive runs of the algorithm was sensitivity
of 92.2%, specificity of 97.2% and accuracy of
95.5%.

These results were superior to all the reported
sensitivity — specificity pairs to date. The best and
most recent reported accuracy for an off-line algo-
rithm based on complex DSP techniques for fea-
ture extraction and selection from SpO2, and
SVM classifier is 96.7%, but the specificity is not
reported (7).

Accurate initial OSAS screening refers only the
suspected moderate or severe OSAS patients to
sleep laboratories for the expensive PSG test. The
achieved results hence serve as a good platform
for enhancement of public health system effi-
ciency.

Acknowledgements
The authors appreciate the cooperation of Mash-

had University of Medical Sciences and declare
that there is no conflict of interests.

1434



Iran J Public Health, Vol. 44, No.10, Oct 2015, pp.1433-1435

References

1.

1435

Fishman AP, Elias JA, Grripi MA, Senior RM,
Pack Al (2008). Fishman’s pulmonary diseases and
disorders. 4th ed. McGraw-Hill. USA.

McnNicholas WT, Bonsignore MR, and the Man-
agement Committee of EU COST ACTION
B26 (2007). Sleep apnea as independent risk
factor for cardiovascular disease: Cutrent evi-
dence, basic mechanisms and research prioti-
ties. Eur Respir [, 29: 156-78.

Rezaeitalab F, Moharrari F, Saberi S, Asadpour H,
Rezaeetalab F (2014). The cotrelation of anxi-
ety and depression with obstructive sleep ap-
nea syndrome. | Res Med $¢,19(3): 205-10.

American Academy of Sleep Medicine. Interna-
tional classification of skeep disorders: Diagnostic and
coding mannal (2005). 2nd ed. Westchester. 1L
New York:

Oommen Nainan, Jayan B, Chopra SS, Mukher-
jee M (2014). Revision of Estimation Method
for an Established Morphometric Model for

10.

Prediction of Obstructive Sleep Apnea: A Pilot
Study. Sieep Disorders Ther, 3(2).

Bsoul M, Minn H, Tamil L (2011). Apnea
MedAssist: Real-time sleep apnea monitors us-
ing single-lead ECG. IEEE Trans. Inf. Tech-
nol. Biomed, 15(3):416-427.

BKoley BL, Dey D (2014). On-Line Detection of
Apnea/Hypopnea Events Using SpO2 Signal:
A Rule-Based Approach Employing Binary
Classifier Models. IEEE | Biomed Health Infor-
matics, 18( 1): 231-239.

Lagido RB, Lobo ], Leite S, Sousa C, Ferreira L,
Silva-Cardoso | (2014). Using the smart phone
camera to monitor heart rate and rhythm in
heart failure patients. Proc IEEE-EMBS Int
Conf Biomed Hith Inf; 556 - 559.

Hyvirinen A, Karhunen ], Oja E (2001). Independ-
ent Component Analysis. Wiley. New York.

Haykin S (1999). Neural Networks-A comprebensive
Sfoundation. 204 ed. Prentice-Hall. ISBN 0-13-
908385-5.

Available at: http://ijph.tums.ac.ir


http://en.wikipedia.org/wiki/Special:BookSources/0-13-908385-5
http://en.wikipedia.org/wiki/Special:BookSources/0-13-908385-5

