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Research on Training Sample Data Selection Methods
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Abstract Machine learning,as an important tool in data mining, not only explores the cognitive learning process of human be-
ings,but also includes the analysis and processing of data. Faced with the challenge of massive data,at present.some researches
focus on the improvement and development of machine learning algorithm, while others focus on the selection of sample data and
the reduction of data set. The two aspects of researches work in parallel. The selection of training sample data is a research hots-
pot of machine learning. By effectively selecting sample data,extracting more informative samples,eliminating redundant samples
and noise data,thus improving the quality of training samples and obtaining better learning performance. In this paper, the exis-
ting methods of sample data selection are reviewed,and the existing methods are carried out in four aspects: sampling-based me-
thod, cluster-based method, nearest neighbor classification rule-based method and other related data selection methods. Summarize
and analyze the comparison,and put forward some conclusions and prospects for the problems existing in the training sample data
selection method and future research directions.
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