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Computing Framework
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Abstract; Based on Hadoop distributed computing framework , propose a parallel algorithm for mining the large dataset. The presented al-

gorithm divides the original large non-structured dataset and large middle result files into several smaller—scale data blocks by vertical

partitioning pattern in order to ensure the completeness of the frequent item set. The algorithm can reduce the size of the data to be stored

in each computing node and decrease the execution times that each computing node calculates the intersection operations by distributing

the data blocks to the computing nodes to parallel mining in Hadoop distributed computing environment, and it can improve the efficiency

of parallel mining. The experimental results show that the presented parallel mining algorithm can solve the problem that the mining large

dataset will generate large amount of data communication and large number of operations for calculating intersection, and it is efficient and

scalable.
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