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Parallelization of MIC Algorithm Based on MapReduce
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(Guangxi Key Lab of Trusted Software, Guilin University of Electronic Technology,Guilin 541004, China)

Abstract MIC is a kind of method to analyze the possible relationships existing between variables, which can not only
effectively identify the various complex types of relationships, but also accurately describe the impact of noise on the re-
lationships. Exploring variable relationships in the large data sets is considered significant to big data mining. Aiming at
the shortage of performance in dealing with the data set containing a large number of variables, this paper proposed a
parallelization method based on MapReduce. Firstly,a finer and smaller partition to the raw algorithm was conducted,
and then a parallel model based on the task chain Map-Reduce-Map was adopted. The model not only effectively increa-
ses the parallel computing units, but also greatly reduces unnecessary consumption of system resource. Theoretical ana-
lysis and experimental verification demonstrate that the improved algorithm has the same accuracy as well as the origi-

nal algorithm and a great improvment in terms of running speed. The relationship between speed-up ratio and the

Vol. 42 No. 11

amount of process Map2 shows that our method has a good scalability in the aspects of system resources.
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