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Support Vector Classification:
Constructing ...

Optimising ...

Execution time: 55.5 seconds

Status : OPTIMAL SOLUTION
[wO|"2 : 1575274357731.632600
Margin :0.000002

Sum alpha : 1575312485034.961700
Support Vectors : 214 (95.1%)
error_rate =(0.1934

val = 20.0440

[Use of Simulated annealing to find optimum]
>>>Best PI=20.044048

x(1)= 5.361037 ~ x(2)=224.926696
Training Dataset:255 ~ Testing Dataset:423
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Support Vector Classification:
Constructing ...

Optimising ...

Execution time: 41.7 seconds

Status : OPTIMAL SOLUTION
[w0|"2 : 117403.909687
Margin :0.005837

Sum alpha : 117403.909626
Support Vectors : 233 (81.8%)
error_rate = 0.2215
val= 22.7821
[Use of Simulated annealing to find optimum]
>>>Best PI=22.782115
x(1)=24.243752 ~ x(2)=284.635916

# 3 ~ diabetes-7 = fcdy 4 %

RESMELE A3

Algorithm |Train Error |Test Er- [Train |Test
Rate ror Rate |Time |Times
IGNF 0.172 0.208 | 9468 1
LogDisc 0.219 0.223 31 7
Dipol92 0.220 0.224 36 1
Discrim 0.220 0.225 27 7
Smart 0.177 0.232 | 3762 ?
Radial 0.218 0.243 5 0
Itrule 0.223 0.245 31 2
BackProp 0.198 0.248 | 7171 0
Cal5 0.232 0.250 | 237 0
Cart 0.227 0.255 30 1
Castle 0.260 0.258 35 5
QuaDisc 0.237 0.262 24 7
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