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Social network edge sign prediction based on node status and similarity

Lu Zhigang, Ye Meili
(College of Economics & Management, Shanghai Maritime University, Shanghai 201306, China)

Abstract: The edge sign prediction is to mine the sign-related implicit information according to the network topology,
aiming to reveal the potential relationship between users. Node status and similarity can better represent sign attributes of
edges, providing a theoretical basis for improving the prediction effect. By investigating the strong correlation between the
two theories and the sign attributes of the edges, a sign prediction model is established. Firstly, use prestige evaluate the
social status of user nodes. At the same time, cosine similarity can represent the user's social preferences. Then, both sides
are combined based on the logistic regression learning model to establish the edge sign prediction model LR-SN. Finally, a
random gradient ascent algorithm will optimize the model during training. The experimental results of three real network
datasets show that compared with the existing baseline methods, the accuracy of sign prediction of LR-SN model is
significantly improved and has certain generalization, indicating that the fusion of local information and global information
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can further improve the prediction effect.
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Fig. 3 Comparison of different sign prediction methods
BBAh, SeEe L LR-S B8 DL K LR-SN 284 [132 AL g
JIHAT TR B0 3 ALECHE A I S P A 2 25 A B0 S
UFRIZALRE ), W3k 3. 4 PR
IS TIBA Ir-s 1z Abfe 7 GINZREE 5 LE 90%)
Table 3 Generalization ability of the sign prediction model LR-S
(training ratio 90%)

RS — MR ———
Epinion Slashdot Wikipedia
Epinion 95.02% 94.89% 94.77%
Slashdot 89.94% 90.12% 89.65%
Wikipedia 88.63% 88.48% 88.75%
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FA4 SIS Ir-sn Bz AR GNIZRER & EE 90%)
Table 4 Generalization ability of the sign prediction model LR-SN
(training ratio 90%)

. _ IURENES _
Epinion Slashdot Wikipedia
Epinion 96.31% 96.05% 95.74%
Slashdot 90.56% 90.81% 90.29%
Wikipedia 88.74% 88.42% 88.96%
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Fig. 4 Comparison of different quantitative strategies
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