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— Tran, Min, Li, and Subramanian (NDSS’09)
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TABLE 1
NUMBER OF SYBIL NODES ACCEPTED PER ATTACK EDGE (OUT OF AN
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Network Nodes Links Modularity
Facebook undergrad [21] 1,208 43,043 0.278
Advogato [1] 5,264 43,027 0.318
Wikipedia votes [13] 7,066 100,736 0.350
URV email [11] 1,133 5,451 0.504
Astrophysicists [25] 14,845 | 119,652 0.621
Facebook grad [21] 514 3,313 0.644
High-energy physics [14] 8,638 24,806 0.690
Relativity [14] 4,158 13,422 0.790
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An Evaluation of Community Detection Algorithms on
Large-Scale Email Traffic (2012)
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An Evaluation of Community Detection Algorithms on
Large-Scale Email Traffic (2012)
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