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Abstract

In this paper, a model to classify the method using the fuzzy TAM with preprocessing of data was developed. The
preprocessing method can be divide the problem using the characteristics in the case of category type factor. In case
of continuous type factor, if there was exist factor’s range which is not overlapping by class, the data belong to the
range was fixed and eliminated in classification. After these preprocessing of data, classified operation of Fuzzy TAM

is performed.
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Table 1. Maximum and minimum(average+standard

deviation of 4 factors for class)

Sepal 1 Sepal w Petal 1 Petal w

St 49-79 22-38 45-69 14-25
COSA 1 (6.59+0.64) | (297+0.32) | (5.55+0.55) | (2.03+0.27)
Ver 49-70 20-34 3.0-5.1 10-18
5| (5.94+052) | (277+0.31) | (4.26+0.47) | (1.33+0.20)
Vicein, | 4358 23-44 1.0-19 0.1-06
8101 (501+0.35) | (343+038) | (1.46+0.17) | (0.25+0.11)

M Ins Setosa
a8 2. 4 29249 s A8 BEXE
Fig. 2. Iris data distribution for each class

Ins Versicolowr  [] Inis Virginica

E4 Petal length®] 7% iris Setosat [39, 7.2], Iris
Versicolour: [2.85, 5.67], Iris Virginica:= [0.91, 1.97]¢]
Q9L JIAch 282 ids Setosad ZHFIE [667,
7.2]0]1 12, Iris Versicoloure [2.85, 3.9], Iris Virginicatx 3
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depression .induced by exercise relative to rest (F10),
the slope of the peak exercise ST segment (F11),
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Table 3. x° value of category factors
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Table 4. Distribution of dividing data by factors F3 and
F13
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Table 2. Results of classification 3-3 51 5 6-4 3 5
i Training Data Checking Data 34 28 23 7-2 4
FTAM 98.67%(74/75) 94.67%(71/75) 6-1 2 0 7-3 11 10
EERE AAE 5078 24 A 507 124 -1 4 2 7-4 7 63
+FTAM | FTAM:98%(24/75) | FTAM:88%(22/75) 37 125 35 A 25 85
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Table 5. Results of classification

s Training Data Checking Data
FTAM 88.196(119/135) 80.096(108/135)
A5 83 | FTAMI1:92.6%(75/81) | FTAMI1:83.5%(66/79)
+FTAM | FTAM2:94.4%(51/54) | FTAM2:82.1%(46/56)
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