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Abstract Feature selection is a committed step of text classification. The classification accuracy mainly depends on the
merits and demerits of the selected feature words. This paper proposed a multi-level feature selection mechanism based
on MapReduce. On the one hand,the mechanism screens the original dataset by an improved CHI feature selection algo-
rithm, then uses the mutual information method to filter the noise words and to put the high quality feature words for-
ward for the primaries. On the other hand.the time consumption of multi-level feature selection is reduced by introdu-

cing the mechanism into MapReduce model. Experimental results show that the mechanism improves both the classifica-

tion accuracy and its runtime when dealing with big data problems.
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