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Abstract: According to the traditional single point serial classification algorithm in the face of the existence of

the problem of low efficiency, large scale news data classification attribute more, in this paper naive Bayesian

classification algorithm in MapReduce parallel implementation method. First of all, the word segmentation and

format conversion are processed, then the feature extraction and classification model are constructed. The test

results show that, in the case of large amount of data, the parallel Bayesian algorithm has better performance

and scalability than the traditional Bayesian algorithm.
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