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XIANG Chunmei, CHEN Chao
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Abstract ;: The mining of association rules has always been an important task of data mining. However, with the advent of
the era of big data, the data scale has grown exponentially. The traditional serial mining algorithms have faced problems
such as the insufficient of memory and computing resources. Regarding the issue above, the IMREclat algorithm is pro-
posed, which is an improved Eclat algorithm based on the MapReduce parallel programming model. The IMREclat algo-
rithm uses two MapReduce tasks, which are mainly divided into three phases: Firstly, the transaction database is divid-
ed equally, and the frequent 2-itemsets are drilled in parallel. Secondly, the frequent 2-itemsets are converted into a
vertical data format, and the binary storage transaction list is used to group by the equivalence class and its weight val-
ue. Finally, the grouped data is used as input, and all frequent item sets are mined in parallel by using the improved
Eclat algorithm with pre-pruning properties. The experiments show that the IMREclat algorithm outperforms the existing
MREclat algorithm in running time and has good expansion performance.

Keywords : data mining; association rules; frequent itemsets; MapReduce model; Eclat algorithm



