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Abstract—Sleep Apnea (SA) is one of the most common and
important part of seep disorders. Unfortunately, seep apnea
may be going undiagnosed for years, because of the person’s
unawareness. The common diagnose procedure usually
required an overnight sleep test. During the test, a recording of
many biosignals, which related to breath, are obtained by
polysomnography machine to detect this syndrome. The
manual process for detecting the sleep Apnea by analysis the
recording data is highly cost and time consuming. So, several
workstried to develop systems that achieve this automatically.
This paper proposes a genetic fuzzy approach for detecting
Apnea/Hypopnea events by using Air flow, thoracic and
abdominal respiratory movement signals and Oxygen
desaturation as the inputs. Results show efficiently of this
approach.

Index Terms—Sleep disorders, genetic fuzzy algorithm,
fuzzy sets.

I. INTRODUCTION

Study of sleep disorders is important because they are
common in general population. For an example, a survey in
1987 [1] reported that at |east one symptom of disturbed sleep
was present in 41% of all subjects; and still sleep disorder is
common now [2], also it was reported by Young that one
daytime sleepinessin 5 adultsin 2004 [3].

Sleep disorders have several short term and long term side
effects[4]. Short term effect leads to impaired attention and
concentration, reduce quality of life, increased rates of
absenteeism with reduced productivity, and increased the
possibility of accidents at work, home or on the road. Long
term consequences of sleep deprivation include increased
morbidity and mortality from increasing automobile
accidents, coronary artery disease, heart failure, high blood
pressure, obesity, type 2 diabetes mellitus, stroke and
memory impairment as well as depression.

Sleep Apnea (SA) is one of the most common and
important type of sleep disorders, but because of person’'s
unawareness, sleep apnea may go undiagnosed for years [5,
6]. Usually SA caseis often observed via patient’ s spouse or
aroommate or afamily member who has witnessed the apnea
periods alternating with arousals and accompanied by loud
snoring [7, 8]. The patients - whom have symptoms of SA —
should be examined through an overnight sleep study in sleep
center. The diagnosing of SA is usually achieved through
using a polysomnography, an integrated device comprising
EEG, EMG, EOG, ECG, oxygen saturation [9] airflow
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through the mouth and nose, thoracic and abdominal
respiration measurement units [10] and the position of the
body during sleep. From overnight sleep studies arespiratory
disturbance index (RDI) and an Apnea-Hypopnea index
(AHI) will be found, the AHI will holds the summation of
apneas and hypopnesas per hour, while the RDI will holds the
summation of apneas, hypopneas and respiratory arousals
values. AHI isused to diagnose and grade the severity of the
sleep apnea, according to the Chicago criteriaz AHI<5,
norma; AHI =5-15, mild; AHI=15-30, moderate; and
AHI >30, severe[11].

The polysomnography recording need to be reviewed in
order to detect events of SA, the manual review by expertsis
in fact so cost and time consuming, so severa efforts has
been done to develop systems that achieve this automatically
[12-14]. For this reason several artificia intelligent
algorithms are used in this area, like as fuzzy logic that
applied to this problem [13, 15, 16].

This paper presents using of fuzzy inference system, but
fuzzy rules are generated by genetic algorithms. Using this
approach helps to reach a better accuracy and save time that
required establishing the fuzzy rules by interview the
specialist, especially when they have different opinions about
a same case. The rest of this paper is organized as,
pre-processing phase and signal analysis and quantification
in section 2, basic of proposed fuzzy inference and genetic
algorithm reviewed in section 3 and finally, results and
conclusion are presented in section 4 and 5 respectively.

Il. APPROACH AND METHODS

Inthiswork, eventslike“fall in airflow” and “ desaturation”
or ‘“resaturation” in airflow and oxygen saturation,
respectively, are desired. Which these events can be defined
asfollow:

A. Fall inthe Air Flow

Fal or reduction in Airflow (and aso thoracic and
abdominal respiratory movement signals) defined asfollows:

e The mean value of the first minute of the signa is
considered asinitia value of the normal mean.

» Mean of each specified window of signal (for example
each 5 seconds) computed, and temporary classified
according with the criteriain Tablell.

e If consecutive windows with duration more than 10s
have normal label, the mean value of them will be taken as
the new normal mean value.

» Else if, consecutive windows with duration more than
10s represents reduce label, it will be considered as fall in

signal and restore start of the fall and percentage of it.
TABLE I: CORRESPONDING LABELSTO EACH LEVEL OF SIGNAL FALLS
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Per centage of signal fall

(p)with respect to Linguistic Label
normal mean

p<25% Normal

25% < p < 45% Slightly Reduced

45% < p <70% Clearly Reduced

70% < p < 100% Totally Reduced

B. Oxygen Desaturation

Blood oxygen desaturation and resaturation are also need
to be specified. For this reason, an event in oxygen saturation
signal specified as start of fall or start of riseif [13]:

For the start of fall, apoint is selected if thefall after that is
progressive. In other words, the signal decreases and does not
exhibit any significant plateau (i.e. the duration of the plateau
should not exceed 30 seconds). The end of fall point is the
lowest value obtained following avalid start of fall, aslong as
the duration of the fal is not greater than 2 min. Once this
point has been detected, if the extent of the fall is verified to
be at least 4% and its duration is at least 10s, then a
desaturation has confirmed.

For selecting the start and end points of resaturation it must
be considered that, an increase of 3% should occur in the
value of the signal between the start and end points of therise,
and the temporal distance between them should be no greater
than 10s.

In the next step signals are segmented to Reasoning Units
(RUs)[16]. Each RU represents an interval which contains at
least one event in airflow or oxygen saturation signals.

C. RUsAIgorithm

The RU agorithm is built based on the following
procedure,

1- First, fals in Airflow are determined as explained
before.

2- All desaturation witch followed by valid resaturation are
determined.

3- Then 30s after each fall in airflow is selected asaRU in
the first step.

4- If distance between two consequent RU is greater than
length of aRU (30s), one RU with respect to the desaturation
events can be made. For this reason, 30s before start of
desaturation is selected as a RU in this distance (if possible).

5-Membership functions of each RU are computed
regarding to the Table I and Table I11]16].

TABLEIl: MEMBERSHIP FUNCTION OF DESATURATION

Vector definition

M ember ship function Type (unitsin percentage)
Normal Trapezoidal [0012]

Soft Trapezoidal [1.8245]
Strong Trapezoidal [46810]

Very Strong Trapezoidal [912 100 100]

TABLEI1l: MEMBERSHIP FUNCTION OF FALL IN AIRFLOW (OR THORACIC
AND ABDOMINAL RESPIRATORY MOVEMENT)

Vector definition

Member ship function Type (unitsin percentage)
Normal Trapezoidal [0 020 30]

Soft Trapezoidal [25 35 45 55]
Strong Trapezoidal [45 60 65 75]
Very Strong Trapezoidal [70 85 100 100]
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Il1. THE GENETIC FUZzzY REASONING MODULE

A. Fuzzy Inference

DNF (disjunctive normal form) Mamdani fuzzy rule-based
systems selected for this study, which has the following
general form [17],

If X, is A; and ...and X,, is A, THEN Y is B,

where each input variable X; takes a set of linguistic terms A,
as the value, whose members are joined by a digunctive
operator and the output variable remains a usua linguistic
variable with a single label associated. Thus, the complete
syntax for the antecedent of the ruleis

X,is A; = {A11 or..orAyq, }and
and X,is A, = {Ay; or..or Ay

An example of thiskind of ruleis asfollows. Let us consider
three input as variables, X, , X, and X5, and one output
variable, Y. Also, each input variable has alinguistic term set
named D; and linguistic term related to the output isasF,

Z\: i{A11:A12'A13} ;A; = {A21,A22,A23 ,A24}
Az = {A31:A32'A33} JF = {31'32'33}-

In this case, a possible DNF rule may be,

IF X; is {Aj;0or A3} and X, is {A,z0r Ay, } and X5 is
{As,0r As,} THEN Y is B,.

In this study 4 inputs which are Oxygen desaturation, Airflow,
thoracic and abdomina respiratory movement signals are
selected, with membership functions as Table2 and Table3.
Also one output, B; as “status’, with a singleton membership
equal to oneisused.

Also, following inference method is selected to compute
final output of fuzzy system,Y,

YO = Zwihi‘ ZWi = 1,
i i

where h;, the output of each rule, is computed as follows,
hi = maX{Ai, Bi}t

and,
A = min{w]-’AV]},j =1,.4,
(A} = maX{A]-1 or...or Ajlj}).

It must be noted that, w is the weight related to each rule
and w' isthe weight of each input signal for the rules.

Inthiswork Y, iscomputed related to each RU, thenif this
valueisnot lessthan specified value (singleton defuzzy value),
the relevant RU will be selected as sleep Apneal Hypopnea
event.

B. Genetic Algorithms for Making Fuzzy System

In this step, genetic algorithm is used for selecting best
combination of rules from a set of available rules.
Steps of this algorithm are as follows,
1) Rulegeneration phase
In this phase, First of al some RUs are selected randomly
for training. Then related rules to these RUs are made by the
following three steps:
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1-1: Onerulerelated to each RU ismade, for exampleif in
selected RU, oxygen saturation is strong Or very strong,
Airflow fal is normal, thoracic movement fall is soft Or
strong and abdominal respiratory movement fall is normal
oneruleis made as follow:

IfX;is A; = {A;3 or Ay, Jand X, is A,
= {A,; }and X5 is A;
= {A;, or Aj; }and
X,is A, = {A,; } THEN status is event.

1-2: Also, new rules are made by eliminating one input of the
previously made rulesin above step. For example,

IfX,is A; = {A;3 or A;, }and X is A;
= {A;, or As; }and X,is A,
= {A,; } THEN status is event.

In above example input X, eliminated. This step helps us
to increase variety of the rules.
1-3: findly, duplicated rules are eliminated from the final list.

2) Rule selection phase
For selecting best combination of rules from the available
liss of rules and aso generation suitable weights
corresponding to the fuzzy inference, following approach is
proposed,

a) Initial population:

Three sets of chromosomes are needed; the first set
presents candidate rules that are selected from the available
list of rules. In this set each chromosome is an array with
length equal to the number of total rules and each cell can be
“1” or “0" that showsif the corresponding ruleis selected for
the fuzzy system or not. The first chromosome only contains
ones therefore the related fuzzy systems using al of the
available rules. Others chromosomes are made by random.

The second set of chromosomes presents weight w. Again
this chromosome is also array with length equal to the
number of available rules and each cell is equal to the
importance of that rule, and it isareal number between 0 and
1 that generated randomly.

The final set of the chromosomes, represent weight w™'.
This chromosomeisan array with length equal to 4. Each cell
is the degree of importance of the related input. It can take a
real number between 0 and 1 which generated by random.

b) Fitness function:
Fitness function for each chromosome is computed as the
percentage of covered apnea/hypopnea events by the
corresponding fuzzy system inference.

C) Reproduction:

Chromosomes are sorted by attention to their fitness
function and best ones of them are selected for next
generation. The number of this sets determined by percentage
of reproduction.

d) Crossover:

First, two chromosomes sel ected randomly. Then mean of
their fitness values stored as old mean, then two random
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number indl and ind2 are selected and two new
chromosomes are created by “two point crossover” as
Figurel illustrated. Then if the mean value of fitness of the
new chromosomes is better than the old mean, the new
chromosomes will be selected for the next generation, and if,
after specified number of try better pair of chromosomes
cannot be found then the first pair is selected for the next
generation.

2] Mutation:

One chromosome and one cell of that chromosome are
selected by random and then value of that cell will be change
to opposite value.

Note: same crossover and mutation is applied for weight

w, but weight w’ optimized by random search.

f) Ending condition:
Generating of new generations continued until specified
number (Number of generation).

ind1 ind2

Parent 1: ¢ ¢

0 1 1 0 0 0 1
Parent 2:

0 0 1 1 0 1 0
Child 1

0 1 1 1 0 0 1
Child 2:

0 0 1 0 0 1 0

Fig. 1. Two point crossover

IV. VALIDATION OF RESULTS

Two samples with total duration of 75600s and 959 apnea
or hypopnea eventsin total are analyzed.

Inthefirst phase 40 and 54 rules are generated respectively.
Then, quarter of RUs of each sampleis used for the learning
phase with proposed genetic algorithms, and, 9 and 12 rules
are selected respectively. As an example of the fina rules
please consider the following rule,

If Oxygen saturation fall is strong and Airflow fall is
strong and Thoracic movement fall is very strong or strong
then Satus is event.

By using the obtained rules, RUs are labeled. Table IV
shows the obtained results. It must be notice that the human
expert evaluation was considered as a standard reference.

TABLEIV: OBTAINED RESULTS

Sample Duration Number of events Agreement (%)
#1 36000(s) 406 99%
#2 39600(s) 553 91%

V. CONCLUSION

In this paper an automated approach for detecting sleep
apnea by fuzzy inference system is introduced. In this
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approach fuzzy rules and weights are generated by genetic
algorithm. The proposed approach has three steps, in thefirst
step, input biosignals are analyzed and events in each of them
are determined. In the second step, the events are evaluated
and RUs are constructed. In the third step, Genetic fuzzy
approach is used for the final evaluating of RUs.

Based on the results, we can find that the proposed genetic
fuzzy approach can be used for generating fuzzy rules for
detecting sleep apnea/hypopnea events. But, for improving
the accuracy for general samples, more study is needed. Also,
we can use the same approach for classification of detected
RUs as Apnea or Hypopnea in future works.
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