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Table 1 Procedure of parameter calibration algorithm
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1 1 1

1 Q0 5
2 5 QQ
Table 2 Basic statistical information of five QQ groups
1 66 270 8.182 1.927 5 0.758
2 59 146 4.949 2.553 7 0.572
3 227 3192 28.123 2.523 3 0.557
4 159 1693 21.296 2.691 9 0.684
5 170 1 656 19.482 2.425 2 0.557
1 1 QQ
Fig. 1 The social network structure of QQ members in group 1
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Table 3 Results of parameter estimation
2 3 4 5
A 0.05 0.10 0.05 0.10 0.05 0.10 0.05 0.10 0.05 0.10
0 10.28 10. 40 10.38 10.43 11.45 10.90 11.19 11.34 10.90 11.03
)
3.20 3.97 3.17 3.24 3.02 3.24 3.49 3.69 3.20 3.88
0 5.28 4.99 5.31 5.33 5.11 5.23 5.55 5.44 5.32 5.43
3
2.19 2.30 2.42 2.61 2.22 2.38 2.58 2.70 2.40 2.67
0 3.36 3.22 3.34 3.26 3.45 3.54 3.20 3.21 3.67 3.54
4
1.78 2.08 1.94 2.15 1.96 2.12 1.67 1.99 1.76 1.98
MCMC 24.3% 8.88% 26.1% 7.76% 27.1% 12.3% 27.5% 11.0% 26.6% 11.1%
88.8% 87.4% 90.7% 88.2% 83.3% 81.0% 84.1% 83.1% 84.0% 82.1%
2 1
Fig. 2 The updating parameter values ( group 1 as the example)
A “© b4
0.05
2 2 4
0.05
5
4
Table 4 Comparisons of prediction accuracy
1 2 3 4 5
(CN) 3 0.839 6 0.829 3 0.763 9 0.778 4 0.756 8
Jaccard 0.864 3 0.893 0 0.774 5 0.8100 0.812 1
Katz 7 0.874 1 0.703 3 0.8156 0.8052 0.8247
SimRank 8 0.727 3 0.689 7 0.749 2 0.754 9 0.761 3
Liu 30 0.8373 0.829 3 0.720 7 0.783 4 0.691 1
Meng 3 0.8336 0.869 1 0.750 3 0.784 4 0.779 9
0.888 1 0.907 0 0.833 2 0.841 4 0.840 3
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Link prediction in social networks based on decision analysis

LI Yong-i' LUO Peng® ZHANG Shu-rui’

1. School of Business Administration Northeastern University Shenyang 110169 China;

2. School of Management Harbin Institute of Technology Harbin 150001 China;

3. College of Information Science and Engineering Northeastern University Shenyang 110169 China

Abstract: Social networks constitute the backbone of information transmission in social media platforms
where link prediction will contribute to managing information diffusion and controlling public opinion. Based
on the existing studies in the field of link prediction this paper starts from the theoretical foundation of deci—
sion analysis and presents a novel link prediction method by introducing the utility analysis. In order to solve
the problem of parameter estimation this paper further develops a Markov Chain Monte Carlo method with er—
ror degrees and demonstrates its correctness. Based on the selected information from five QQ groups a com-
parison between the proposed method and the classic ones is carried out in terms of the prediction accuracy.
The results indicate that the proposed method enjoys satisfactory prediction accuracy because the individual be—
havior is considered in this method and particularly the introduced error degrees would benefit the potential
model users in making reasonable decisions by weighing the model”’ s efficiency and accuracy.

Key words: link prediction; decision analysis; utility function; Markov Chain Monte Carlo method; social

network; data analysis



