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Abstract

With the rapid development of mobile communication technology and Internet, mobile communication equip-

ment has become a portable tool for most people. A parallel algorithm PMFCS was proposed for mining frequent com-

munication sub-graph of mass communication data. The algorithm is based on the Apriori algorithm and sub-graph con-

nect principle. It uses Spark to distribute all the edges to each computing node, then the 1"-order frequent candidate

sub-graphs are distributed to each node, the 1"-order frequent candidate sub-graphs are counted at each node.and the

1"-order sub-graphs are got by summarizing candidate sub-graphs. PMFCS iteratively connects the (4#—1)"-order sub-

graph and the 1"-order sub-graph to generate £"-order candidate sub-graphs. Subsequently, the algorithm terminates

until the k"-order frequent sub-graph set is empty. The experimental results show that PMFCS can mine the frequent

communication sub-graph efficiently and quickly.
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Fig. 1 Communication graph set
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Fig.3 Frequent communication sub-graph
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Fig.4 Framework of PMFCS algorithm
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Fig.5 Example of redundant sub-graph
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