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Abstract The heart disease taking the second place of the cause of the death of modern people is a terrible disease
that makes sudden death without noticing. To judge the aortic valve disease of heart diseases a name of disease
was diagnosed using psychological data provided from physioNet. Aortic valve is a valve of the area that blood is
spilled from left ventricle to aorta. Aortic stenosis of heart troubles is a disease when the valve does not open
appropriately in contracting the left ventricle to aorta due to narrowed aortic valve. In this paper, 3126 samples of
cardiac sound data were used as an experiment data composed of 180 characteristics including normal people and
aortic valve stenosis patients. To diagnose normal and aortic valve stenosis patients, NEWFM was utilized. By using
an average method of weight as an feature selection method of NEWFM, the result shows 91.0871% accuracy.
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Fig. 2. PCG and ECG of Heart Sound [9]
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Table 1. Execution Environment of NEWFM

Number of Linguistic variables 3
Defuzzyfication Method average of weights
Distance Measure Method area
Rang of the Initial Weight 0.4570.55
Adjust Rate for Weights 0.002
Adjust Rate for Vertices 0.001
Numer of Tranning 50000

Time [s]

Diastole S] Systole 5:
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1

n
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Table 2. Indicating of performance comparison

Reference objective Method accuracy
Diagnosis of -
) Data Mining
Heart Disease ) !
SBShinde | Using Data | Nalve Baves, !
c K-Nearest 88.33%
etall12] Mining ) >
) Neighbor ecision
Techmique Local
Tree
database
G.E. Guraksin Classfication of Wavelet Not
Heart Sound
et. al[13] Features, SVM Reported
Local database
This paper NEWFM 91.087%
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