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Key nodes discovery in network graph based on Graphlab
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Abstract: A distributed key nodes discovery algorithm was proposed(DABC) which was implemented on Graphlab. Due
to the good scalability, the scale of graph supported by algorithm was enlarged significantly. The parallel processing
also enhances the speed of calculation. Experiment results show that proposed agorithm can achieve up to 4 times per-
formance improvement compared with the traditional centralized key node discovery agorithm.
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