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Join Algorithm in Skewed Datasets Based on MapReduce

LIANG Jun-jie HE Li-min
(School of Computer Science and Information Engineering, Hubei University, Wuhan 430062, China)

Abstract Join operation is the most common operation in data analysis applications with large -scale datasets,and Map-
Reduce can not support join operation perfectly in handling data skew problem. MapReduce frequecncy classified join al-
gorithm was proposed,and datasets were classified into three categories according to the appeared data frequency. Data
redistribution applying partitioning algorithm and broadcast algorithms eliminate the impact of skewed data. And data
redistribution is realized by using hash algorithm for the non-skew data. Join operation can be completed in a single
node, avoiding the cost of communications across the nodes under the MapReduce for the redistributed data,and balan-

cing the workload of each node effectively, thereby improves the efficiency of join operations in skewed data. The effec-

Vol. 43 No. 9

tiveness and practicality of the algorithms are proved by the comparison with traditional algorithms.

Keywords Data skew, MapReduce, Join algorithm, Load balancing
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