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MapReduce Based Feature Selection Parallelization

LU Jiang LI Yun
(College of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract Feature selection has become a necessary preprocessing procedure for high-dimensional data, With the explo-
sive growth of data size, the traditional feature selection algorithm can not meet the current requirements of processing
large-scale and high-dimensional data, Resorting to Google’s MapReduce programming model, we designed a distributed
local learning-based feature selection algorithm D-logsf. Experiments were conducted on several real and synthesis data
sets, The results show that the D-logsf algorithm is correct and has good reliability. Compared with traditional feature

selection algorithm Logsf, D-logsf can obtain approximate linear speedup. Moreover, D-logsf can effectively handle large-

scale data set.
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