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Abstract—Diagnostic and detection of the arterial stiffnéss
very important; which gives indication of the asated increased
risk of cardiovascular diseases. To make a chedasy method for
general screening technique to avoid the futuredicaascular
complexes , due to the rising of the arterial séffs ; a proposed
algorithm depending on photoplethysmogram to bed.usEehe
photoplethysmograph signals would be processedAdIM\B. The
signal will be filtered, baseline wandering removezbaks and
valleys detected and normalization of the signhtsuld be achieved
.The area under the catacrotic phase of the pleitogimogram
pulse curve is calculated using trapezoidal algorit then will used
in cooperation with other parameters such as ageght) blood
pressure in neural network for arterial stiffnestedtion. The Neural
network were implemented with sensitivity of 80%caracy 85%
and specificity of 90% were got from the patientatad It is
concluded that neural network can detect the ait@TIFFNESS
depending on risk factor parameters.

Keywords—Arterial stiffness, area under the catacrotic puise
the photoplethysmograph pulse, neural network

|. INTRODUCTION

HE cardiovascular diseases are the most fatal shseia

the world, accounting for 29.3% of deaths recoridetthe
WHO'sWorld Health report in 2004[1]. To prevent aodre
the diseases, it is important to diagnose the estalye of these

The arterial stiffness is the major cause of thediaa
coronary ischemic disease and cardiac infarctioh Tde
necessity for cheap, non invasive and accurate adefbr
general screening of the patients for the artetiffiness was
raised in the recent years. Photoplethysmogramingple
device and low cost optical technique that can beduto
detect blood volume changes in the microvasculat bk
tissue,the photplethysogram had increasingly usex st was
invented, it is now popular due its cheapness,nasity
,easily to use and operate[4].

The fingertip photoplethysmograph expresses chaiges
the volume of blood in the fingertip as pulse way@sviding
information on beats of aortic origin, charactécstof the
vascular system, properties of peripheral vesseld,the state
of blood flow[5].

The PPG waveform comprises of pulsatile (AC)
physiological waveform attributed to cardiac symeoious
changes in blood volume with each heart beat, is
superimposed on slowly varying (DC) baseline witdrious
lower frequency components attributed to respimgtio
sympathetic nervous system activity and thermowedn [4].

The photoplethysmogram AC pulse waveform can be
divided into two phases, the anacrotic phase wiichhe
rising edge of the pulse, were this phase concemitid
systole. The catacrotic phase which is the falldge of the
pulse concerned with the diastole and wave refladiiom the

diseases. Numerous studies had proved that theiabrteperiphery [6].

wallstiffness is closely related to the cardiovdacuiseases
and therefore it is necessary to measure and deakha
arterial stiffness for diagnosing the cardiovascul&eases.
The recent years have therefore seen a focus ialajgng
techniques to facilitate early identification ofdimiduals at
increased cardiovascular risk. In particular, thees been
much interest in arterial stiffness measuremera awthod of
detecting cardiovascular changes before the ondet
established cardiovascular disease. Indeed, drgtiffaess is
now recognized as an independent and significaedigtor of
cardiovascular morbidity and mortality and its apgtion to
every day clinical practice appears inevitable [Pkreased
arterial stiffness is one of the important markeo$
arteriosclerosis.

Firas Salih. Institute of Biomedical Engineering;lseuher Institute of
Technology, Karlsruhe, 76187 Germany (phone: +46@244615; e-mail:
firas.salih@ kit.edu).

Luban H. Hammed,Medical devices department, Ekaiténd Electronic
Technical College,Baghdad-Iraq

Afaf M. Kamil,Senior Doctor in Ibn Alnafees Hosith Baghdad-Iraq

Armin Bolz, Professor in Biomedical Engineering,riseuhe Institute of
Technology,Karlsruhe-Germany.

The Photoplethysmogram naturally contains respiyato
component and is reflected on the baseline andakign
amplitude. PPG contains fluctuations caused byett@mous
baseline drift and wondering followed by physiokadi
condition and movement .PPG contains fluctuatiansed by
the respiratory and sympathetic activity, theséaats should
be defined and removed for better detection ofRR& signal
[§]- An artificial neural network (ANN) is a flexie
mathematical structure which is capable of identdy
complex nonlinear relationships between input amgput data
sets. ANN models have been found useful and efficie
particularly in problems for which the charactédstof the
processes are difficult to describe using physeglations.
The neural network sets the input and multipliedwsights
which look like factors of each input. The weightsre set to
random values originally which then optimized usitige
training algorithm. The neural network used feedbac
propagation for the training of the neural netwark also for
the reducing the errors in the output. A structwé
mathematical units (neurons) is constructed; eaehbram
calculates the sum of its inputs and uses an aictivéunction
for its output.
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The neurons are connected by weights thz adjusted in a
training process, aiming at minimizing network error
function, in the training process; the backv propagation
algorithm is often used. The main advantage neural
network is the possibility to generate a com decision
boundary without full knowledge of the statist properties
of the data under observation [8].

Il. METHOD

The Photoplethysmogram devibasedon the transmission
of light through the fingertip according to Lami-Beer law
was used as measurement tool, the device wasusinly LED
at wavelength 640 nnthe sampling frequenc250 Hz, and 12
bits resolution. The data were collected in echo
Ultrasound unit in (Ibn Alnafees hospital,Bagh-Iraq) from
patients who goes through the Doppler and echaadtmd
the subjects were at rest for 10 minupegore the test and tl
subjects were laid on the bed in supine positidme
photoplethysmogra signal were taken from the right ind
finger , the blood pressure and the heart rate vedse
measured usin@igital sphygmomanometeiBeurer BM16,
Beurer GmbH). The other information like age,
height,weight,pervioushistory of diabetius,hypertensiand
other cardiovascular disease®re also collectedExcluded
the data from subjects who taken beta blockers cagdr
.The echo tracking method was used for diagnosighe
arteriosclerosis patients. The numbesobjects th data were
collected from them wag0 (53 male and 17 female) as shc
in Table I. Informed consentfom all the subjects ere
received to use their datdhe photoplethysmogram sigr
were acquired by DAQ card (data acquisitcard, National
Instruments Inc), anddisplayed on te computer using
Labview (Nl,inc). The photoplethysmogram signal w
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Fig. 1 Shows potoplethysmograph got in MATLA

Fig. 2 Shows urmélized photoplethysmograph pul

The signal etered into area under the caotic phase
(AUCP) calculations between the peaks and the

valleys,as in (1).

AUCP = [ f () dx=[b-a/2n]
PF(x) +2F () +---+2F (X, )+ f (x))]

TABLE |

DEMOGRAPHICDATA FROM THESUBJECTS

measured from the right index finger of each subgen the Parameter Mean +SD
length of each waveform is 60ishad chosen onlthe best 10 Age(years) 41.3+10.48
seconds of it, as shown in fig. 1. Tsignal was filtered ting ssg((rr:”;':'g)) 172358?115‘:2
secondordered low pass filter at cutoff frequency 5 Hz Height(cm? 169 7_6+é7
high frequency noise removah high pass filter was use Pulse pressure(mmk 45.6'7110.'46
later with cutoff frequency of 0.33 Hz to remove tbw noise Heart rate (/minut 3.92 9.61
frequencies which appeared on the signal due tdiathing Vale 53

and the rascle movements and other low frequencies fron Female 17
body. Then theignals were stored in the computer for fur BMI(Body Mass Index kg/P) 24 2942 86
offline processing. The datavere read in MATLAB NAUCP 0.36+0.0392

(mathworks,inc) andhe signal gone in series of process
firstly signal’'s peaks and valys were detect: depending on
zero crossing points for the first derivative oé thignal then
the signal entered into a algorithm for the baselandering
which removes the breath effeand motion artifac. The
signal undergo through polyndah curve fitting which use
different polynomial function to fit thealleys of the pulses,
the curve passes through the vallef these pulsein each
segment. Then the fittedaseline drift subtracted from t
original signal. This is very necessary to remdwe ¢ffect of
breath rhythm on the PPG signal.

Then signal went into the normalization procedure
normalize the amplitude and the width of each ptdsiee one
to one in both width and height, iasfig. 2.

1)

A. Neural Network Classification

Theneural networks were set using nine inputs these are:
the normalized area der the catacrotic phase of the
photoplethysmograph curvgl0], age,height,weight,systolic
blood pressure ,diastolic pressure ,heart ratedegeiand
smoking as in fig. 3 and 4h€&gender was treated as logical a
value either zero or one; for the male was consilles ne
and female was zerd'he neural network uses the feedb
propagation method for the training and adapting nieura
networks. The dedback trainingwas changing the weights
each timeThe transfer function used is the sigmoid func
because it is more suitable for a binary ou The neural
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network is very powerful tool in the classificatiai these
parameters.
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Fig. 3 Shows neural network propagation

forward networks is mean square error (mse)—theaaaee
squared error between the network outputs and ahgett
outputs .It is defined as follows:

Mse = (i) ()’ :izivzl(:ti - )’

(4)

I1l.  RESULTS ANDDISCUSSION

After the neural network was trained, the testfemn 35
subjects was used for the neural network performanc
assessment by calculating the overall accurachehetwork
and its ability to identify the normal subject fraime patient.
The accuracy, sensitivity, and specificity of theural network
are the important evaluation parameters of theateatwork
performance and show its ability to detect the guati from
the risk factors. The accuracy of the neural nekwwas as
follows:

Number of correctly Diagnosed Patients

Accuracy = - 5)
Total number of Subjects
The neural network sensitivity was as follows:
... .. Number of correctly diagnosed patients
Fig. 4 Shows neural network for classificationtod inputs Sensitivity “Total number of patients with arteriosclerosis ©)
The training algorithm, used in this research, besn the The neural network specificity was as follows:
back propagation (Back Propagation) as a methadijofsting o
weights in a forward network with one layer of table  Specificity =— o cctly [dentijied normal 7
connections, and therefore very suitable for tragni Total number of normal Subjects
perceptrons. The program was written in Matlab

(Mathworks,inc) for creating in a network with ramd values
of weights, so each time it is trained, the finalues of the
weights are not the same and it doesn't takesattme sime to
be trained. A loop has to be implanted that allhwasing a
maximum of iterations for train the network. Iftims limit the
network does not reach their desired values, amswork is
created and subjected to the same criterion. Wherndésired
output is got, the network will be valid. Arterisliffness can
be defined by the following equations:
net =y, 2;21 x;w; ;

)

Arterial stif fnes = f(net) = o - ©

e—net

Equation (3) responds to the operation of a neueaivork
with sigmoid transfer function. The results of tequation
may vary between 0 and 1. The value 0 is no riskrtgrial
stiffness and the value 1 is risk. The programtesea neural
network with the number of inputs, outputs laydrat they are
necessary. It is also necessary to indicate theina
algorithm and transfer function of each layer. Tineural
network was created and trained in
(mathworks,inc) , the best results got with Casclmeard

back propagationeural network which was created with num

1000 epochs ,10 neurons and two layers. Using rpet i
values and corresponding output patterns, thelictsbn trains
the network to get correct values in the outpue Plocess of
training a neural network involves tuning the valugf the
weights and biases of the network to optimize netwo
performance, the default performance function feedf

MATLABM

Equations (5),(6) and (7) were applied to the settdata
and the results were accuracy was 85%, sensitivity 80%
and the specificity was 90%. The MSE was® Hpproaching
the real identified values.

IV. CONCLUSION AND FUTURE WORKS

It was concluded that the neural network can be ésethe
detection of the arterial stiffness and other aardscular
diseases from the analysis of risk parameters takem
invasively, these risk parameters can be measwagtyeso it
can be used in the future for general screeningraros of the
arterial stiffness and other cardiovascular diseastection in
the early stages of the diseases where the tretgtnaea of
benefits. The research is still under progress &amther
development will be made, large number of data béllused
for training the neural network for reducing theoes and
increasing the accuracy of the neural network endbtection
of the arterial stiffness in the patients.
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