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Abstract. Ultrasonic Doppler blood flow measurement systems are widely used and highly suc-
cessful in non-invasive techniques to detect heart diseases. In addition to estimates of stroke vol-
ume, the peak velocity and maximum acceleration of aortic blood may yield additional informa-
tion on the inotropic state of myocardium. Continuous wave Doppler devices are most commonly
used to provide velocity, not blood flow. With a pulsed Doppler system, the measurement of both
arterial diameter and flow velocity are possible.

Today, quickly and trusty diagnosis of various diseases has great important. For this purpose, an
additional diagnosis tool by artificial intelligence is developed to the aid of expert medical staff. In
this work, cardiac Doppler signals recorded from mitral valve of 75 patients were transferred to a
personal computer by using a 16 bit sound card. The fast Fourier transform (FFT) and Autoregres-
sive (AR) method analysis was applied to the recorded signal from each patient and obtained FFT
and AR parameters. Further these parameters were classified by using Fuzzy clustering algorithm.
Thus, an additional diagnosis tool is developed for the aid of expert medical staff.

Our finding demonstrated that 90.67% correct classification rate was obtained from fuzzy cluster-
ing with FFT parameters and 94.67% correct classification rate was obtained from fuzzy cluster-
ing with AR parameters.

1 Introduction

Doppler blood flow ultrasonography (US) methods have been widely used in several medical practices effec-
tively. Both pulse wave and continuous wave Doppler devices transmit ultrasonic waves into blood and receive
some part of them which are reflected by red blood cells. There is a direct relationship between flow velocity of
the blood and Doppler difference frequency which is obtained after the demodulation of transmitted signal with
reflected signal. Some spectral analysis methods are applied to the Doppler signal in order to obtain medical
information by taking into consideration the relationship between the Doppler signal and flow velocity of the
blood. As a result, the sonograms that show the change of Doppler spectrum by time are obtained [1].

Heart consists of four cardiac chambers, namely two atriums and two ventricles. The mitral valve, examined in
this study, is between the left atrium and the left ventricle. Mitral valve is the part of heart which prevents blood
from flowing backward during systole, acting passively. The abnormality named as the mitral failure is a result
of anatomic disorder of mitral valve. This abnormality causes heart valve not to open and close properly. As a
result, the volume of blood that is pumped to the extremities decreases and it causes some other problems to
occur, such as stenosis. In the case of mitral insufficiency, the blood in ventricle is released backward even if the
mitral valve is closed.

Doppler signals obtained from heart valves have been analyzed by using different spectral analysis methods such
as FFT, autoregressive, moving average, autoregressive-moving average and wavelet methods [2—5]. The output
of a spectral analyzer is usually represented as a sonogram which illustrates the time variation of the spectral
characteristics of the Doppler signal. A number of parameters related to the blood flow may be extracted from
the sonogram and these are of high clinical value.

In the artificial intelligence domain, the studies related with the classification of heart data have gained great
importance. In the literature, there are also studies related with the classification of several parameters of heart
diseases with fuzzy algorithm and artificial neural network [6-11].

Furthermore, there are some medical applications of fuzzy clustering algorithm in the literature [12-14].

In this study, mitral valve Doppler signals obtained from 75 patients, are examined by taking into consideration
of their spectral parameters (25 of these patients have mitral insufficiency, 25 have mitral stenosis, and the rest is
normal). The FFT and AR parameters of mitral valve Doppler signals obtained from FFT and Burg AR analysis
are recognized in fuzzy clustering algorithm and in this way diagnosis of mitral valve Doppler signals are per-
formed correctly and rapidly. The purpose of this study is to enable fuzzy clustering algorithm aid to the Physi-
cian in diagnosis.

2078



Proceedings MATHMOD 09 Vienna - Full Papers CD Volume

2 Material and Method

Ultrasonic Doppler system is based on the frequency change (f;) of an emitted ultrasonic wave after its backscat-
tering by moving structures. The frequency change is a function of the emission frequency (fy), the velocity of
moving structure (v) and the angle (¢) between the ultrasonic beam and the direction of blood flow:

f,=2fvCosO/c (1)

where c is the mean propagation velocity of ultrasound within tissues.

The measurement system consists of five functional blocks as shown in Figure 1. These are 2.50 and 3.75 MHz
ultrasound transducers, an analog Doppler unit, Sony recorder, an analog/digital interface board (Sound Blaster
Pro-16 bit), and a personal computer. The analog Doppler unit is capable of operating in both continuous and
pulse wave modes. The Doppler unit is also equipped with an imaging facility that makes it possible to focus the
sample volume to a desired location within the cardiac chambers. In this study, the Doppler unit is operated in
the pulse mode and the sample volume is located at the ventricular side of the valve orifice. The measurement
angle is taken as 60°.

In this research, mitral valve Doppler signals were recorded from 75 subjects. The group consisted of 35 females
and 40 males with ages ranging from 26 to 73 years and a mean age of 52+1 years. Data was obtained from
Kirikkale High Expertise Hospital in Turkey.
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Figurel. Block diagram of measurement system

The signal at the output of the analog Doppler unit is recorded by a Sony recorder. The recorded signal is then
sampled and digitized into 16-bit data packets by using an A/D interface board. The digital data are then stored
on the hard disk of the PC. The interface board offers a range of sampling frequencies. The data stored as a
sound file on the hard disk of the PC are converted to a text file. FFT and AR parameters are then obtained from
this text file using spectral analysis software developed in MATLAB. Then, FFT and AR parameters are intro-
duced to fuzzy clustering algorithm.

2.1 Fast Fourier transform method

In order to take the FFT of finite cardiac Doppler signal, an integer power of 2, it must be framed such as 64,
128, 256. Windowing is applied to the frequency spectrum of the frame. Windowing prevents the nonexisting
frequency components from appearing in the spectrum. In addition, zero padding is applied to the same signal
after the windowing process. This creates a certain overhead on the process, although it increases readability of
the spectrum [5,15].

Discrete Fourier transform of a discrete time periodic signal is defined as the following:

N-1
Xk — Zx(n)e(—/kn(Zﬂ/N)) (2)

n=0

where X; is expressed as discrete Fourier coeffcients, N is the frame size and x(n) is the input signal on time
domain. To obtain the frequency spectrum of this signal, logarithmic values of the squares of absolute values of
X are found as shown below

P(k)=10log|X,[ 3)

The frequency content of the signal will determine the sampling rate to be used, since the maximum frequency
(fm) analyzed is half of the sampling frequency (f;). Since f,, is usually not known a priori and depends upon the
vessel on which the measurements are performed, it is useful to implement the system such that it is capable of
operating at various sampling frequencies. In this work, measurements were performed at a sampling frequency
of 10 kHz, so that the frequency aliasing, in the case of stenosis, would be avoided.

The number of signal samples required to form a frame depends heavily on the stationary condition of the signal.
In general, the Doppler signal is non stationary. The signal may be assumed to be stationary for 10 ms or greater
time periods if the flow is laminar and the velocity is not very high. However, this assumption is not valid for
high velocity turbulence flows, such as the flow encountered at the aortic arch, where the Doppler spectrum
changes very rapidly. In this case frame length should be shortened to validate the above assumption. On the
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other hand, very short frame lengths may yield statistically poor spectral resolution. Therefore, selection of
frame length is an important factor in Doppler spectral analysis. The frame length used in this study is 128.

2.2 AR method

The model-based (parametric) methods are based on modeling the data sequence x(n) as the output of a linear
system characterized by a rational system. In the model-based methods, the spectrum estimation procedure con-
sists of two steps. Given the data sequence x(n), 0 <n < N- 1, the parameters of the method are estimated. Then,
from these estimates, the PSD estimate is computed. AR method is the most frequently used parametric method
because estimation of AR parameters can be done easily by solving linear equations. Since Burg AR method is
computationally efficient and yields stable estimates, PSD estimates of mitral valve Doppler signals are obtained
by using Burg AR method. The method is based on the minimization of the forward and backward prediction
errors and on estimation of the reflection coefficient. The forward and backward prediction errors for a p™-order
model are defined as:

p
efjp(n):x(n)+2ap7,.x(n—i), n=p+1...,.N 4)
i=1

A p Ak

e, ,(n) :x(n—p)+2ap7l.x(n—p+i),n =p+1,...,N (5)
i=1
The AR parameters are related to the reflection coefficient lg » by
a, l.+l€ a,, . i=l.,p-1
apl. = p-L Ap p-1,p—i, ’ p (6)
, i=p
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Burg method considers the recursive-in-order estimation of k , given that the AR coefficients for order p — 1

have been computed. The reflection coefficient estimate is given by
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The Burg method for estimating the parameters of AR method is computationally efficient and yields a stable
AR method. On the other hand, the Burg method is suboptimal in that it estimates the # reflection coefficients by
decoupling an n-dimensional minimization problem into the » one-dimensional minimizations. This is in contrast
to the least squares AR method, in which AR coefficients are found by an n-dimensional minimization [15-17].

One of the most important aspects of the use of AR method is the selection of the order p. Much work has been
done by various researchers on this problem and many experimental results have been given in the literature such
as the papers presented by Akaike. One of the better known criteria for selecting the model order have been
proposed by Akaike [18], called the Akaike information criterion (AIC), is based on selecting the order that
minimizes

AIC(p) =62 +2p/N

®)
Gl Gl
where "7 is the estimated variance of the linear prediction error. Note that the term ~ "7 decreases and there-
A2

(o) .. . . .
fore "P also decreases as the order of AR method is increased. However, 2p /N increases with an in-
crease in p. In this situation, a minimum value is obtained for some p[18]. In this study, model order is taken as
10 for mitral valve signals by using Equation (8).

2.3  Fuzzy clustering

Clustering is the method of classifying data or objects within a data universe into different subgroups based on
the similarities and the dissimilarities between objects. Clustering algorithms essentially perform two basic func-
tions. They try to keep all objects, which are very close to each other in one subgroup or cluster. At the same
time they try to maximize the dissimilarities between the clusters. Fuzzy c-means clustering (FCM) utilizes an
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objective function approach to allow formation of clusters in multi-dimensional space, where a data point is
allowed to belong to more than one cluster, with different membership degree [19-21].

Let the data set to be partitioned be X = {x1, x2, - - -, x,,4 C R", which was required to be partitioned into ¢ parti-

tions, ¢ € {2, 3, - - -, (m-1)}. The partitions were described by a partition matrix U of size ¢ xm and each of its
elements py, i=1,2, - - -, ¢, k=1,2, - -,m represented the membership value of x; € X in the ith cluster. Hence
FCM utilized the set of fuzzy partitions, given as:

M, ={U €[0,1]"} )

C

D=1 k=L2,..m (10)

i=1

D >0, i=12,..c (11)

k=1

Hence FCM was defined as the following problem: given the data set X, any norm ||| on R", and a fuzziness
parameter g € (1,00), minimized the objective function:

m C 2
‘]FCM(U’V;X):ZZ#;I( ”xk _Vi” (12)

k=1 i=1

where U € Mpcyand V = {v;, v, ..., v.,} CR", was the set of the cluster centers. The cluster centers were taken
to be point prototypes. More the value of ¢, more the clusters became fuzzy in nature and less the value of ¢, the
clusters became increasingly harder.

The objective function J is minimized when high membership values are assigned to pixels whose intensities are
close to the centroid of its particular class, and low membership values are assigned to them when the pixel data
are far from the centroid.

Taking the first derivatives of J in Eq.(12) with respect to u;;, v; we can obtain the following necessary conditions
to minimize the objective function J:

r+l 1
My =— J<m<oo (13)

NCAT

J=1

dy = (- v) A(x- v,) (14)
N
z:ui’;:xk

v, =5 (15)

m

Hi

M=

After initialization of the centroids, u; and v; are iteratively calculated until some stop criteria are reached. Fi-
nally, the segmentation can be obtained by the principle of maximum membership.

The FCM clustering algorithm is quite robust and has been previously demonstrated to provide accurate cluster-
ing result, even if the initial fuzzy partition matrix U is poorly constructed.

3 Results and Discussion

In this study, mitral valve cardiac Doppler signals are obtained from 75 patients. 25 of these patients have mitral
stenosis, 25 have mitral insufficiency and the rest is normal. These signals are analysed with FFT and AR meth-
ods for obtain parameters. After this analysis, 65 FFT parameters and 10 AR parameters are obtained. Then these
parameters are applied to fuzzy clustering algorithm for classification of mitral valve Doppler signals. After
classification process, results for FFT method are shown in Table 1.

Table 1 demonstrated the true and false classification values of mitral valve Cardiac Doppler signals. Here, 22
mitral stenosis were classified as true, 3 mitral stenosis were classified as false, and 23 mitral insufficiencies and
normal were classified as true, 2 mitral insufficiencies and normal were classified as false.
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Class Numbers of Class Numbers of True
Classified Class
Mitral Stenosis 25 22
Mitral Insufficiency 25 23
Normal 25 23

Table 1. Results for FFT Method

The simplest classification problem is that of separating one-dimensional feature vectors into two groups. In this
situation the only choice that needs to be made is where to locate the decision threshold. If there is no overlap
between the magnitudes of the vectors obtained from patients belonging to the two classes, the threshold can
simply be chosen to separate the classes completely. In general, the results from the two classes do overlap and
so depending on where the threshold is placed some signals from normal subjects will be adjudged abnormal
and/or some signals from abnormals will be adjudged normal. The best choice of threshold will then depend on a
number of factors. There are two important measures of the performance of a diagnostic test; sensitivity (or true
positive fraction) and specificity (or true negative fraction) which are defined as:

Sensitivity = Number of true positive decisions / Number of actually positive cases
and
Specificity = Number of true negative decisions / Number of actually negative cases

These measures are dependent since they are both affected by the position of the decision threshold and as the
threshold is moved to increase sensitivity, so specificity decreases.

To measure the classification performance, Table 1 should be evaluated statistically. As it is seen Table 2, the
specificity is 92 %, sensitivity is 90 % and the true classification rate is 90.67 % for FFT method in the statistical
results of data.

Statistical parameters Value (%)
Specificity 92
Sensitivity 90
True Classification rate 90.67

Table 2. Statistical Parameters for FFT Method

After the FFT parameters, AR parameters obtained from mitral valve Doppler signals were applied to fuzzy
clustering algorithm. Classification results for AR method are shown in Table 3. As it is seen Table 3, 23 mitral
stenosis were classified as true, 2 mitral stenosis were classified as false, and 24 mitral insufficiencies and nor-
mal were classified as true, | mitral insufficiency and normal was classified as false.

To measure the classification performance for AR method, Table 3 should be evaluated statistically. As it is seen
Table 4, the specificity is 94 %, sensitivity is 96 % and the true classification rate is 94.67 % for AR method in
the statistical results of data.

Class Numbers of Class Numbers of True
Classified Class
Mitral Stenosis 25 23
Mitral Insufficiency 25 24
Normal 25 24

Table 3. Results for AR Method
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Statistical parameters Value (%)
Specificity 94
Sensitivity 96
True Classification rate 94.67

Table 4. Statistical Parameters for AR Method

4 Conclusion

In this work, cardiac Doppler signals recorded from mitral valve of 75 patients were used to FFT and Burg AR
spectral analysis. The classification systems were developed with the application of FFT and AR parameters of
mitral valve Doppler signals in to fuzzy clustering algorithm.

Our findings demonstrated that 90.67% correct classification rate was obtained from fuzzy clustering with FFT
parameters and 94.67% correct classification rate was obtained from fuzzy clustering with AR parameters.

These results demonstrate that the classification performance of fuzzy clustering with FFT parameters is lower
than fuzzy clustering with AR parameters.
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