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Research on Social Network Structural Holes Discovery Algorithm under Large-scale Data
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Abstract With the increase of social network data scale, the amount of calculation on structural holes exponentially in-
creases. How to construct efficient parallel algorithms to shorten the running time of algorithms becomes the difficulties
of the current study. This paper concentrated on shortages of network structural holes discovery algorithm, using paral-
lel thought to design structural holes discovery algorithm based on MapReduce, The algorithm uses three groups of dif-
ferent sizes of data sets which are DBLP, YouTube and California road network to test on Hadoop. The results show

that increasing the number of Data Node”’s machine nodes can shorten the running time of algorithms and increase ope-

rational efficiency,and this algorithm has good parallel speedup and scalability.
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