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1. Support Vector Machine
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2. Locally Weighted Regression
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3. Modified Support Vector Regression
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3t 1. Regression Data

standard SVM Modified SVM
root mean square error 0.3526 0.3216
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standard SVM modified SVM
% Yo Y3 Ya 1 Yo Y3 Ya
RMSe 0.0451 | 0.0194 | 0.0293 | 0.0260 | 0.0226 | 0.0188 | 0.0269 | 0.0224
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