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Abstract: Machine learning technologies have been applied to many industry programs nowadays, but most of them can obtain satisfied
results with sufficient samples in a single situation. For instance, the classical support vector regression is a regression algorithm with
better generalization ability. However, if the sample size in the current scene is small, the generalization ability of the regression model is
poor. To solve this problem, we propose a transfer learning support vector regression algorithm for small sample data based on weighted &
support vector regression. In this paper, & weighted support vector regression is taken as the basic learner of Bagging algorithm, and
multiple sub regression models are generated by bootstrap using source data associated with target data,and a general regression model is
synthesized by simple average method. Experimental results on the UCI datasets and the real dataset, the corn and peanut sales loss
dataset, show that the proposed algorithm has better generalization ability than SVR algorithm and the improved RMTL algorithm on
small data samples.
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