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Abstract

The massive text mining filter requires a lot of storage space and stronger computing ability, so a
spam message filtering method of MapReduce-based Bayesian is proposed. Based on the improved
Naive Bayesian spam SMS classification algorithm, taking the advantage of MapReduce model pa-
rallelization on massive data processing is used to train and test SMS text. Results show that using
compute cluster to achieve massive spam filtering can improve the efficiency of recalling and pre-
cision, and with the expansion of cluster size spam SMS filtering efficiency improve faster.
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Figure 1. The flow chart of processing massive data with MapReduce
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Figure 2. The flowchart of Naive Bayesian spam SMS text classification
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Table 1. The MapReduce model of preprocessing module
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Figue 3. The testing process of SMS text classifier
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