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Abstract With the exponential growth of Internet users and content, the efficiency of the Jaccard’s similarity coeffi-
cient algorithm under big data scenario is more important than ever before, In order to improve the efficiency of Jaccard’s
similarity computing process, the implementation that the algorithm was analyzed under MapReduce architecture. Com-
bining the characteristics of the Spark is more suitable for the iterative and interactive tasks, we transformed the algo-
rithm from the MapReduce platform to Spark based on two dimensional partition algorithm. And we improved the effi-
ciency of the algorithm by parameter adjustment, memory optimization and other. methods. With two data sets running
on 3 clusters with different number of datanodes, the experimental results show that, compared with MapReduce, the al-

gorithm execution efficiency under Spark platform improves more than 4 times, and energy efficiency improves more

than 3 times.
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