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Multiple attribute decison making based on proximal support
vector regresson machine
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Abstract :A method for solving multiple attribute decision making (MADM) is proposed based on proximal support vector re-
gression machine (PSVRM) . The proposed method extracts learning samplesfrom the MADM problem ,estimates the multiple
attribute utility function ,and then sorts the alternatives. It hasless number of parameter and is smple and reliable; the kernel

does not need to satisfy the Mercer s condition. An example demonstratesits feasbility and availability.
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Tab.1 Decison-making matrix
1 2.0 1.5 2.0 5.5 5 9
2 2.5 2.7 1.8 6.5 3 5
3 1.8 2.0 2.1 4.5 7 7
4 2.2 1.8 2.0 5.0 5 5
[8] 2
2
Tab.2 Standardization matrix
1 0. 467 0. 366 0.506 0.507 0.481 0.671
2 0.584 0.659 0. 455 0.599 0.289 0.373
3 0.420 0.488 0.531 0.415 0.674 0.522
4 0.514 0.439 0.506 0.461 0.481 0.373
2 PSVRM , 3,

C=1000,s=2,t=-0.4
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3
Tab.3 Sample data and calculation results of every attributes

0.584 0.420 0.502 0
0.659 0.366 0.5125
0.531 0.455 0.493 0
0.415 0.599 0.507 0
0.674 0.289 0.481 5
0.671 0.373 0.522 0
0.950 0. 050 0.500 0
0.942 0.051 0.5100
PSV RM {X1,% ,%s, %} = {0.4821,0.202 4,
0.7125,0.394 7} X3 > X1 > Xa > Xz SVM [8]
[9] PSV RM SVM (
[8] SVM {0.415,0.096 ,0.571,0.230}) ,
5
; , PSV RM
SVM ) ) , )
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