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Abstract

One of the current practices of diagnosing valve stenosis is based on the
investigation of the Doppler Ultrasound’s Fast Fourier Transformation (FFT)
sonogram.  This method depends on the physicians’ interpretation and
experience and sometimes results in false diagnosis. In this study, we have
facilitated Artificial Neural Networks (ANN) that will not only simplify the
diagnosis but enable the physician to make a quicker judgment about the
existence of stenosis, without any hesitation. The FFT sonogram of Doppler
Heart Ultrasound of a healthy person very resembles to the “M” letter. The
ratios of the three points (First Systolic Peak, Endpoint of Diastole, Second
Systolic Peak) in the M like curve are used as inputs to our ANN system, which
is trained using Levenberg-Marquardt Method. Our system is tested on 20
patients, who were subjected for recording of the Doppler Ultrasound at mitral
valves. Sixteen patients’ data is allocated for training purposes and four patients
were tried to see whether the ANN trained complies with physicians direct
diagnosis from the FFT sonogram. The testing results was found to be compliant
with physicians’ findings regarding the existence and level of stenosis. The fuzzy
appearance of the sonogram sometimes makes physicians suspicious about the
existence of stenosis. Our technique gets around this problem by using ANN to
decide and assists the physician to make the final judgment in confidence. The
particular hallmark of this system is being an Add-on solution which can be
coupled to current already installed Doppler ultrasounds.

1 Introduction

Electrocardiography is one of the early techniques developed to diagnose heart
disorders, However, especially in the diagnosis of heart valve stenosis, ECG is not
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competent enough. For such cases, Doppler Sonograms derived from the blood flow
through the valves are preferred, instead. Doppler shift frequency which is directly
proportional to the blood flow speed is subjected to spectral analysis that yield the
sonograms showing the change of the Doppler spectrum with respect to time. This
analysis enables the physicians to gather very important clinical information about
the cardiovascular health of the patient. In order to produce the sonograms, the
Doppler signals are sampled at appropriate frequencies and then grouped in certain
number of data points. Afterwards, FFT is applied to each group in order to obtain
their power spectral density functions. When these power spectral density functions
are sequenced and plotted on the time line, they present the change of Doppler
Signal Sonogram Graphics. The envelope of this Sonogram Plot, which resembles
to the “M” letter, is facilitated particularly for diagnosing heart valve stenosis [1].

Diagnosing stenosis through the investigation of the Doppler Ultrasound’s FFT
sonogram is imperfect and requires some additional work. Because, the final
diagnosis depends on the physicians’ interpretation and experience and this
sometimes results in false diagnosis. In this study, we have facilitated Artificial
Neural Networks (ANN) that will not only simplify the diagnosis but also enable the
physician to make a quicker judgment about the existence of stenosis, without any
hesitation.

In this research, we worked on the utilization of ANN system that we built on the
Doppler Signals’ FFT Sonogram. The most important thing about ANN is that it
works as an expert system which will eventually help the physicians with the
decision making process about the existence of the stenosis. ANN is trained with
the available data samples to explore the relation between inputs and outputs so that
you can reach the proper outputs when you enter some new input data [1, 2, 3].

2 Materials and methods

The ultrasound transducer that works in the range of 2-3,25 MHz is located on the
apex region of the patients and focused to the mitral valve to receive the appropriate
signals, which will be processed later to obtain the Doppler shift frequencies.
Doppler shift frequency signals are captured through the audio output of the
ultrasound machine, The received signals are subjected to the 8-bit Analog to
Digital conversion and then transferred to a PC via an I/O card [4, 5]. FFT is
applied to these received Doppler Shift signals.

The FFT sonogram of Doppler Hearth Ultrasound of a healthy person very
resembles to the “M” letter. The ratios of the three points (1- First Systolic Peak, 2-
Endpoint of Diastole 3- Second Systolic Peak) in the M like curve are used as inputs
to our ANN system [6, 7, 8, 9, 10].

A multilayered perceptron (MLP), which makes up the network structure,
consists of three types of layers: input layer, output layer and one or more hidden
layers. Each neuron in the layer consists of two parts: the net function and the
activation function. The net function determines how the network inputs are
combined inside the neuron. In this sense, the weighted linear summation is adapted
as the net function. The output of the neuron is related to the network input via a
linear or nonlinear transformation called the activation function. In various neural
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network models, different activation functions have been proposed {3, 11, 12, 13].
In our MLP, three neurons are employed at the input layer while four neurons are
used at the output layer. Linear transfer function is used both at the input and output
layers as the activation function.

In the first and second hidden layer, there are five and six neurons respectively.
Tangential sigmoid transfer function is applied at these two hidden layers as the
activation function of each neuron.

MLPs can be trained using many different learning algorithms. We have chosen
Levenberg Marquart learning algorithms to train the MLP. Low error rate and fast
result convergence are main reasons that we have chosen this method [11, 12, 13].

3 Results

First Systolic Peak (FSP), Endpoint of Diastole (EQD) and Second Systolic Peak
($SP), in the M like curve of the FFT Sonograms of healthy persons and patients
with different level of stenosis at their mitral valves make up the basis for input data
set, The ratios of these three data points (seen in Table 1) are used as inputs to the
training and testing sessions. Sixteen patients’ data is allocated for training purposes
and four patients were tried to see whether the ANN trained complies with
physicians direct diagnosis from the FFT sonogram.

After many iterations, it was found that the most suitable structure with the least
error of 3,6262.10° mean square error (at 31 Epoch) was achieved when five and six
neurons are used at the two hidden layers. The variation of system error rate with
respect to the epoch number during training iterations is shown in Figure 1. As seen
in this figure, the results are stable and no fluctuations are observed. This indicates
that the selected parameters are the most proper set for a minimum error rate. As a
part of checking the built ANN, four of the patients’ data were subjected to testing.
The end results are classified in four different groups as Healthy Person, Low-level
of Stenosis, Medium-level of Stenosis and High-level of stenosis. Testing results
were found to be compliant with the physician’s diagnosis directly from the FFT
sonograr.

4 Discussion and Conclusion

The stenosis at the mitral valves are investigated by recording and studying the
Doppler frequency shift signals obtained from the apex region. True and accurate
interpretation of FFT sonogram analysis of these signals is very crucial in
diagnosing disorders with the heart valves. However, it requires some real
experience to conclude reliable information about the health of the valves. The
fuzzy appearance of the sonogram sometimes makes physicians suspicious about the
existence of stenosis and causes false diagnosis. Our technique gets around this
problem by using ANN to decide and assists the physician to make the final
judgment in confidence. The particular hallmark of this system is being an Add-on
solution, which can be coupled to current already, installed Doppler ultrasounds for
an economical value. This study had very successful results when physicians’
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Table 1 Input and Output Values for the training and testing of the ANN

a) Input Values for the training b) Output Values entered for the training
session session
Patient | FSP/ | SSP/ | FSP/ Patient | Healthy | Low Medium High
No EOD | EOD SSP No Person | Stenosis | Stenosis | Stenosis|
1 3.7 1.88 |1.97 | 1 1 0 0 0
2 3.0 1.5 2.0 2 1 0 0 0
3 208 |1.48 |1.403 3 1 0 0 0
5 2.0 1.7 1.176 5 0 1 0 0
6 25 [237 |1.052 6 0 1 0 0
7 2.2 1.83 [1.22 7 ( 1 0 0
8 2.09 {1.63 |1.277 8 0 1 0 0
10 |19 1.76 |1.074 10 0 0 1 0
11 |1.66 |1.52 |1.092 11 0 0 1 0
12 1.96 |1.78 |1.095 12 0 0 1 0
14 |19 143 1333 14 0 0 0 ]
15 |19 10.58 |3.285 15 0 0 0 1
16 1.52 | 1.16 |1.3] 16 0 0 0 1
17 |16 1.18 [1.34 17 0 0 0 1
18 22 ]0.39 |5666 18 0 0 0 1
19 1.5 1.66 |09 19 0 0 0 1
¢) Input Values for testing session d) Output values obtained at the testing
session
Patient | FSP/ | SSP/ | FSP/ IPatient | Healthy | Low Medium | High
No EOD | EOD SspP No Person |Stenosis | Stenosis | Stenosis
4 325 [18 1.805 4 1 0 0 0
9 239 {21 1.134 9 0 1 0 0
13 1.79 | 1.65 |1.086 13 0 0 1 0
20 228 [066 [3.42 20 0 0 0 1
10

Error

0 5 10 15 20 25 30
Epoch Number

Figure 1: Variation of the error rate with respect to the epoch number in the ANN
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diagnosis directly through FFT sonogram analysis was compared with our testing
results. As the next step of the research, we will include the study of tricuspid valve
stenosis and try other methods to train the ANN in order to reach the possible least
error rate.
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