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Identification of Same User in Social Networks
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Abstract This paper carried on the related research of the same user identification in different social global networks.
The social network was modeled as a network with attribute value and a central node,namely ego-network. And aiming
at the identification problem in the social network, this paper designed related algorithm. In order to mine the node pairs
of the same user,the user’s attributes and the similarity of the friends’ relationship are modeled.so as to comprehen-
sively evaluate the similarities among the nodes in different social networks,namely,to get the user match score and to
use it in node matching. Then through the improved RCM algorithm,the global optimal matching results are obtained,
and finally the matching user pairs with lower user match scores are cut off to achieve better results. Based on real data-

sets,the performance of the algorithm is compared with several related algorithms. The effect of different parameters on

experimental results is also analyzed and the rationality of the proposed algorithm is verified.
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Table 2 Dttribute similarity of user nodes

node Yoo Vo1 Vo2 Vo3 Vo4 Vos Vo6
Vio 1.0 0.8 0.5 0.9 0.6 0.5 0.8
Vi1 0.8 1.0 0.6 0.7 0.8 0.6 0.3
Vi 0.5 0.7 0.8 0.5 0.6 0.7 0.8
Vi 0.8 0.6 0.7 0.8 0.7 0.5 0.6
Vi 0.8 0.7 0.8 0.5 0.6 0.4 1.0
vis 0.5 0.6 0.7 0.2 0.5 0.8 0.2
Vig 0.5 0.8 0.2 0.4 0.6 0.5 0.1
Vi7 0.5 0.4 0.6 0.8 0.1 0.5 0.1
Vig 0.2 0.3 0.4 0.2 0.2 0.5 0.4

*3 Vo P RAMEE

Table 3 User relationship similarity of V

node Yoo Vo1 Yoz Vo3 Vo4 Vo5 Vo6
Voo 1.00 0.71 0.71 0.71 0.63 0.55 0.57
Vo1 0.71 1. 00 0.71 0.71 0.63 0.55 0.57
Voo 0.71 0.71 1.00 0.71 0.63 0.55 0.57
Vo3 0.71 0.71 0.71 1. 00 0.63 0.55 0.57
Voq 0.63 0.63 0.63 0.63 1.00 0.55 0.53
Vos 0.55 0.55 0.55 0.55 0.55 1.00 0.49
Vog 0.57 0.57 0.57 0.57 0.53 0.49 1. 00
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Table 4 User relationship similarity of V7
node V1o Y1 V2 Vi3 Y14 V15 V16 Va7 Vg
Yo 1.00 0.71 0.71 0.71 0.63 0.55 0.49 0.42 0.49
Vi 0.71 1. 00 0.74 0.71 0.63 0.55 0.49 0.42 0.49
Vg 0.71 0.74 1.00 0.74 0.63 0.55 0.49 0.42 0.49
Vs 0.71 0.71 0.74 1.00 0.63 0.55 0.49 0.42 0.49
Vi 0.63 0.63 0.63 0.63 1.00 0.63 0.49 0.42 0.49
Vs 0.55 0.55 0.55 0.55 0.63 1.00 0.49 0.42 0.49
Vg 0.49 0.49 0.49 0.49 0.49 0.49 1.00 0.49 0. 65
V7 0.42 0.42 0.42 0.42 0.42 0.42 0.49 1.00  0.49
Vg 0.49 0.49 0.49 0.49 0.49 0.49 0.65 0.49 1. 00
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