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Abstract

Aiming at nonlinear, time variant, random, fuzziness and uncertainty of finance data, we propose a
new intelligent support vector regression model and use new genetic algorithm to optimize the
model’s parameters. Experiment results show that intelligent support vector regression has high-
er accuracy and runs faster than BP Neural Networks.
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Figure 1. Flow chart of intelligent support vector regression model
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Table 1. The comparison of intelligent support vector regression model
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2012-3-2 36.57 36.5682 -0.00492 36.4975 -0.19821
2012-3-5 36.73 36.7148 -0.00414 36.8759 0.39724
2012-3-6 36.25 36.2457 -0.01186 36.3871 0.37820
2012-3-7 35.56 35.5513 ~0.02446 35.5841 0.06777
2012-3-8 35.99 35.9827 -0.02028 34.2518 —4.8296
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