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ABSTRACT:

Detecting and diagnosing different types of Sleep Apnea (Ob'structive, Central and Hypopnea) is one
of the major tasks in sleep medicine. Clinically, analyzing Nasal AirFlow (NAF) signal is the most
sufficient and direct reliably effective method for the automatic detection of Sleep Apnea events by
ch'ecking the airflow amplitude reduction. This paper investiga‘tes- and compares the performance of
three classifiers: a Kohonen self-organizing map (SOM), Adaptive Neuro Fuzzy Inference System
(ANFIS) and Hidden Markov Model (HMM) for the clasSification of Sleep apnea events. The results

have shown that the highest correct classification rate is 95.7% when using HMM with order 13.
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LINTRODUCTION
Apnea is broadly classified as Central

éleep Apnea (CSA), which is caused by
reduction  of impulses from the central
nervous system to the respiratory muscles
éausing blockage of airflow associated with
lack of respiratory efforts and Obstructive
Sleep Apnea (OSA), which is a disorder
caused by obstruction of the upper airway
and referred to cessation of AirFlow in the
presence of continued respiratory efforts
lasting more than 10 seconds. ,

A mild version of apnea is hypopnea [1]
where the breath does not stop but decrease
over 50% of its normal value followed by
4% desaturation of haemoglobin levels.
~ Essential sleep related parameters or
indexes were derived directly from NAF
signals to quantify the frequency of
abnormal respiratory events per hour of sleep
which helps in differentiatii;g different types
of Sleep Apnea and assessing the severity of
Apnea. |

These indexes are: Apnea-hypopnea index
(AHI), Central sleep apnea index (CAI), and
hypopnea index (HI) [2]. According to the
American Academy of Sleep Medicine Task
Force [2], definition of sleep apnea implies
that: an Apnea-hypopnea index AHI less
than 10 refers to normal subject, while
an AHI greater than or -equal 10 refers to
" Apneic patient with different degrees of
severity. AHI of 10-15 episodes per hour
refers to Mild Apnea, AHI of 15-30 refers to
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Moderate Apnea and AHI more than 30
refers to Severe Apnea.

Although, previous studies utilized several
methods in apnea detection using various
features of bio-signals; EEG, ECG, and heart
rate variability [3-5], but it is still required to
detect apneic events efficiently and robustly
from a single Nasal Airflow (NAF) signal
under varying situations [6-8].5’ Recently,
Ayappa et al. [9] reported that the analysis of
the NAF signals could provide a result
that obtained by full
polysomngraphy  (PSG) and

consider it as simple and efficient diagnostic

similar to

analysis

tool for apnea detection.

NAF is commonly measured by a
thermistor or thermocouple which is
susceptible to offset and baseline drift [10].
Griffiths et al. [11] developed an algorithm
that analyzes NAF signalsf using the average
magnitude of the second derivatives which
detect respiration strength robustly under
offset or baseline drift.

- The problem of classifying sleep apnea
was previously addressed using signal
processing and  pattern  recognition
methodologies [12, 14].
et al.
identifying sleep apnea syndrome using
wavelet transform and neural networks.

A Fuzzy Inference System (FIS) for the

detection of Obstructive Sleep Apnea (OSA)

Recently, Lini
[15] reported an approach for

has been proposed in [16].



" Mansoura Engineering Journal, (MEJ), Vol. 37, No 4, December 2012

In this paper, the performance of three

classifiers for classifying sleep apnea events

using Nasal - AirFlow records was
investigated.
These are: Kohenen self-organizing map

[17, 18] (SOM), Adaptive Neuro-Fuzzy
Inference System {ANFIS) [19, 20] and
~ Hidden Markov Models (HMMs) [21, 22].
The
implemented to process, analyze, abstract

three classification systems were

meaningful information and detect sleep
apnea events. Our objective was to
formulate the problem such that sleep apnea
events can be detected at the highest

recognition rate by the classification system.
II. Training Data Set

One-hundred-twenty-eight subjects took
part in this prospective study. The data were
obtained during an initial portion of the
patient’s visit to Cairo Center For Sleep
Disorder (Egypt) for diagnosis and treatment
of OSA. The records were taken
normal and abnormal subjects (32 Normal,
32 OSA, 40 Hypopnea and 24 Central
Apnea). The normal records were extracted

from

" from the Apneic records after treatment

using Continuous Positive Airway Pressure
(CPAP) giving more classification accuracy
[2]. A _sléep specialist determined the apnéa
and hypopnea events during the test time. A
total of 512 NAF segments (128 normal, 128
OSA, 160 Hypopnea and 96 Central Apnea)
were extracted from the patients dataset.
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Each record is of one hour duration to

estimate the sleep related indexes. The-
sampling rate was 10 Hz. '

L NAF signal Analysis

and Feature Extraction

In consideration of the periodicity of the
NAF signal, the measured signal was
modeled as-a summation of the respiration
signal, baseline drift,, and baseline offset
[12].Generally, first derivate is used to
eliminate the effect of the baseline offset,
while second derivative eliminate the effect
of baseline drift [12].

The average magnitude of the second

" derivatives (AMSD) of NAF signals is

calculated as follows [12]:

1- Each record is divided into one epoch
length of 30 seconds segments, ‘which
satisfies that Apnea event length should be at
least 10 seconds.

2- Average Magnitude of Second

Derivative (AMSD) of each NAF segmenf is

-calculated as follows [12]:

n-1 '
[+ 1) = 36) - (s6) 5~ )]
AMSD =4=2
¢y

where n: is the size of the segment.
3- Each segment is compared with Apnea

threshold, which is the AMSD of normal
NAF record and classified into certain

n

Apnea type as follows:
If AMSD of the segment is less than or
equal 8% of Apnea threshold then it is
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classified as OSA event, if it is less than or
equal 30% and greater than 10% of the
threshold it is classified as hypopnea event,
and if it is less than or equal 10%
greater than 8% of the Apnea threshold it is

and
classified as CSA event.

4- For each one hour NAF records the

following  sleep-related  features  are
calculated: total number of OSA events
(T OE), total number of hypopnea events

(THE), and total number of CSA.events

(TCE).
Apnea indexes: AHI, HI and CAI are then
calculated as:
AHI = Total number of Apne'aarfd H?zp.opnea events , . 0, 2)
Total Sleep time in minitues
Total number CSA events 60, 3)
~ Total Sleep time in minitues
And
_ Total number Hypopnea evenis , o, @)

Total Sleep time in minitues
Table (1) shows the slecp-related features
derived from NAF signals and Figure 1

shows the NAF signals and its first and

for Normal, OSA,
Hypopneic and CSA events.

second derivatives

Table 1; Sleep-related features derived from NAF signals.

OSA

Feature Normal Hypopnea CSA
AMSD | 543.012+30.01 | 43.441 £ 10.443 | 160.221+16.85 54313 9.79
TOE 13219 1.011 | 105.525%£12.203 | 17.621 +1.070 | 10.50442.880
THE 12.987% 0.879 | 13.123 % 1.962 | 108.556+14.01 | 6.098 +0.721
TCE 0.001£0.031 7234+ 1.542 | 0.008£0.002 | 50.911:+4.053
AHI 5.3244 0.509 15.098+ 1.132 | 14.876%1.113 | 0.852+0.056
H1 0.0344: 0.043 3.008 + 0.987 12,001+ 1.122 | 0.338+0.217
‘1 CAl 0.002: 0.033 0.010+0.004 | 0.022 +£0.023 | 8.095+0.698

. Data are presented in mean +S.D

NAF signal
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3
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Figure 1: The NAF signal and the First and Second derivatives
(a) Normal subject, (b) an OSA subject, (c) Hyponea subject, and

(d) CSA subject.
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IV. Classifiers

Three classifier methodologies were
chosen for the design of the classification

systems for the apnea events:

- IV.I. Kohonen Self-Organizing

Map (SOM)

Kohonen self-organizing map (SOM) is
one of the basic types of artificial neural
networks. Its architecture represents a two-
dimensional grid of connected neurons,
which are multi-dimensional vectors. The
dimension of vectors is equal to the number
of descriptors [18]. '

The'leaming of SOM is the projection

from multi-dimensional space onto two-’

dimensional grid (array) of neurons, which
involves two steps [18].

In the first step, a vector, which represents
an object is presented to all neurons and the
algorithm selects the neuron that is most
similar to it (winning neuron). In the second

step the weights of the winning neuron are

modiﬁéd to the vector values and in the -

same - time the neighboring neurons are
modified to become similar to it. Details and

mathematical expressions are discussed in
[17,18].

IV.IL.  Adaptive Neuro Fuzzy

Inferencé System (ANFIS)

The ANFIS is a fuzzy Sugeno model, put in
the framework of adaptive systems to

E.5

facilitate learning and adaptation [20]. Such
framework makes the ANFIS modeling
more systematic and less reliant on expert
knowledge. ANFIS architecture consists of |
five layers of nodes.

Out of the five layers, the first and the
fourth layers consist of adaptive nodes while
the second, third and fifth layers consist of
fixed nodes. ANFIS
architecture, two fuzzy if-then rules based on
a first order Sugeno model are considered
[20]:

To present the

If xis Ajand yis By THEN fj=pix+qy+r; ®)
If xis Ayand yis B, THEN [, =pXx+qy+r;

where x and y are the inputs, A/ and Bi are
the fuzzy sets, fi are the outputs within the
fuzzy region specified by the fuzzy rule, pi,
gi and ri are the design parameters that are

determined during the training process.

IV.IL.A. Learning ANFIS

A hybrid algorithm combining the least
squares method and the gradient descent
method is adopted to solve this problem
[20]. The least squéres method (forward
pass) is used to optimize the consequent
parameters in layer4 with the premise
fixed. Once the optimal

consequent parameters are found, the

parameters

backward pass starts immediately. The
gradient descent method (backward pass) is
used to adjust optimally the premise

parameters in laycrl corresponding to the
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fuzzy sets in the input domain. The output of
the ANFIS is calculated by employing the
consequent parameters found in the forward
pass. The output error is used to adapt the
premise parameters by means of a standard

backpropagation algorithm [20].

IV IIL. Hidden Markov Models

A hidden Markov model (HMM) is a tool
to statistically model time-varient

process with the following characteristics
[21]:

1- Set of unobserved (hidden) states

0={qi,.....qn}, where N is the

number of hidden states in the model.

2- Set of
0={01, ..... ,OL}

number of distinct emission symbol

observation  symbols

where L is the
per state.

3- The tramsition matrix 4 whose
elements aij represent the probability

to go from state gi to state g;

- 4- The emission matrix B whose

elements by represent the probability
of emission of a symbol o; when the
system state is gj.
5- The set of initial state probability
distributions  [={=,....., 7y}  whose
elemnts 7; represent the probability for
qi to be the initial state. For convenience
we denote HMM as compact notation

notation A={4, B, I1}.
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The task in HMMs is
implemented using Baum-Welch algorithm
which likelihood

estimates and posterior mode estimates for

learning

compute maximum
the parameters (transition and emission
probabilities) of a HMM, when given only
emissions as training data [21].

IV.IIL A. Training HMM

The Baum-Welch algorithm was used to
train HMMSs, one for each type of Sleep
Apnea,
using the training data set [22]. It has been
found that
highest

correct classification rate for each Sleep

an order of 13 gives the

Apnea type.
A separate Model was defined for each
Maximum likelihood

classification of an unknown observation

class of pattemns.

sequence can bejachieved by calculating the
probability of tile observations given the
model P(O/)) for each model in turn. -

The unknown Pattern is assigned to the
class of the model that has the highest
probability of generating the observed data;
that is for M classes C=c;, ¢, ...C); Where cp,
is represented by model 1, then O is

assigned to the class ¢y, if
M
PO/ 2)=maxP(0f3y) (6).

V. Results ‘

The Kohonen self-organizing map (SOM),
Adaptive Neuro Fuzzy Inference System
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(ANFIS) and three Hidden Markov Models
(HMM) {5,7,13} were trained and tested
using the seven elements feature vector
derived from NAF signals analysis. The
hold-out method was utilized for training
[23] in which 50% of the
Data used for training and
testing procedures. 256 NAF records (64
Normal, 64 OSA, 80 Hypopnea and 48
CSA) were used for training and the other
256 records were used for testing phase.
The topology of the designed networks will
be discussed as follows.

The SOM classifier using model with
output grids size 8*3 was developed with
hexagonal neighborhood functions. Tﬁe

number of neurons in the SOM map is

set were

decided according to the number of sleep
apnea types wanted to be classified, which is
four types. The initial learning rate was
selected to be 0.9. Training for self-
organizing feature map was carried out for
1000 epochs and the desired error to be
reached was about 0.0001. '

The ANFIS netvs‘lork have used, three
fuzzy sets with geﬁéralized bell curve
membership function (gbellmf) ,a total of
2187 fuzzy rules and one output. The initial
and final membership function for AMSD
input are shown in Figure 2.

Three HMM models with different
number of hidden states N= {5, 7, 13} were
used for each type of Sleep Apnea (Normal,
OSA, hypopnea and CSA).

E.7

Table 2 the results of
classifications obtained using the three
classifiers. The results revealed that the best
average classification rate reached about
95.7% using HMM model of order 13.

illustrates
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Figure 2: (a) Initial membership function for AMSD,
(b) Final membership function for AMSD.

Table 2: Classification Results Using Different Classifiers

Classifier Classes %Avenge_
Normal | OSA | Hypopnea | CSA | Clasification
SOM | 63/64 58/64 | 75/80 40/48 | 92.18%
ANFIS | 62/64 60/64 | 77/80 45/48 | 95.31%
HMM | 62/64 62/64 | 75/80 46/48 | 95.70%

VI. CONCLUSIONS

This study compares the performance of
three different classifiers: a Kohonen self-
organizing map (SOM), Adaptive Neuro
Fuzzy Inference System (ANFIS) using
hybrid learning algorithm and a Hidden
Markov Model (EMM) in order to provide a
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classification for detecting sleep apnea
events using Nasal AirFlow signals. Such a
system would detect apnea and hypopnea
events automatically. The hold-out method
was applied for training and testing stages
for each classifier. Classification results are
satisfactory, where a correct classification
rate of 95.7% was achieved using HMM of

orders 13.

Further work is required to apply the
suggested methodologies to a larger.data set
with a wide spectrum of sleep-related
Breathing disorders and to develop a
complete intelligent system that can be used

as an assistant tool in sleep laboratories.
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