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Abstract Generalization performance is a basic problem for machine learning, and ensemble learning technique can im-
prove the generalization performance effectively. This paper presents a selective ensemble learning approach based on
SVM regression. By introducing three threshold parameters, some component SVM can be chose, and the efficiency of
the whole ensemble learning system can be further improved. Simulation results demonstrate the presented approach

can solve model selection and learning for large-scale dates for SVM . Compared with the traditional ensemble approach

like Bagging, the presented approach possesses better generalization performance.
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