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¢ 1> Classification Rate(Learning lteration)

Data Set Nu?ﬁ:; of g{’é’;ﬁ;t) Linear Quadratic
2 100% (1) 100% (1) 100% (1)

Type 1 3 100% (1) 100% (1) 100% (1)
4 100% (1) 100% (1) 100% (1)

5 100% (1) 100% (1) 100% (1)

2 783% (1) 99.3% (1) |- 99.3%(3)

Type 2 3 98.3% (1) 100%-(3) 100% (7
4 98.3%: (1) 99.6% (2) 99:6% (2)

5 98.6% (1) 100% (91) 99.6% (2)

2 50.0% (1) 9.0% (1) 99.3% (90)

Type 3 3 74.3% (1) 99.3% (3) 99.3% (2)
4 99.3% (4) 99.3% (1) 99.3% (1)
5 93.6% (1) 99.0% (345) | 99.6% (123)

2 976% (1) 976% (1) 98.0% (20)

Tvpe 4 3 95.6% {3} 98.0% (29) 976% (2)
Hype 4 986% (2) | 983% (1) | 986% (2)
5 96.6% (1) 98.0% (40) 98.0% (29)
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