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Table 1 The commonly-used statistics of reflecting network structure effect
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1
Fig. 1 Basic procedure of the proposed estimation method
2
Table 2 Algorithm of the proposed estimation method
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Table 3 Generation process of random network
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p
T
(2) 6, 6, 6 -1.00
2.00 -0.01
4
Table 4 Summary statistics of parameter estimates under different meeting probabilities
0, 0, 0;
p
0.20 -0.391 0.036 7 0.101 0.033 5 -0.001 0.0133
0.40 -0.498 0.0352 0.753 0.029 5 -0.005 0.006 8
0.60 -0.911 0.040 1 1.204 0.024 0 -0.006 0.004 7
0.80 -1.092 0.042 2 1.556 0.029 9 -0.007 0.004 0
1.00 -1.121 0.0430 1.947 0.0352 -0.010 0.003 9
2 3 0
4.2
4.1 1 000
0.50
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Table 5 Summary statistics of parameter estimates under different evolution periods

0, 0, 05

T
1 000 -0.120 0.021 9 -0.863 0.022 4 0.016 0.047 6
5000 -0.501 0.031 1 0.233 0.026 1 -0.001 0.010 7
10 000 -0.772 0.036 2 1.045 0.024 3 -0.006 0.005 6
15 000 -0.823 0.038 8 1.585 0.030 2 -0.004 0.004 4
19 900 -1.077 0.040 1 2.033 0.034 4 -0.009 0.003 7
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Fig. 3 The updating process of parameter estimates
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Table 6 Statistics of parameter estimates during the last 7 000 iterations
95%
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0, 0.777 7 0.070 5 0.653 0 0.930 3 0.773 9

05 -0.057 2 0.006 4 -0.067 6 -0.046 8 -0.057 3

5.2 (3a)  (3b) i
6 JCi#j)
AU, (g C6) =-1.27x |[C,-C, | +0.78 x ¥ &i'gi" =0.06 x ¥ g | C, = C, || (18a)
[#1j %)
AU, (g €0 =-1.27Tx |C,-C;|| +0.78 x Zgzl_lg;,_l -0.06 x Zgﬁ[l I C - C, | (18b)
I#i j l#i ]
2 ( ( 10 000)
g) t ( 50
g (18) 1000 )
(13) (14)
g 2
t ROC AUC @
t -1

http: / /baike. so. com/doc /5499846 —5737282. html



Common Neighbour

( CN) Jaccard

(JI) Hub Promo-

ted ( HPI) Resource Allocation

( RAI) Katz ( KI) Adamic-Adar

( AAI) SimRank (SR)  Preferential Attach—

ment (PAL) 8 2
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Fig.4 ROC curves of these methods
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Table 7 AUCs of these methods

AUC

UA 0.726
KI 0.687
CN 0.661
AAI 0.676

J 0.682
SR 0.713
HPI 0.675
PAI 0.617
RAI 0.685
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Utility-based model for interpreting evolution patterns of social networks

LI Yong-i CHEN Yang FAN Ning-yuan GAO Xin

School of Business Administration Northeastern University Shenyang 110169 China

Abstract: Existing models often uncovered the evolution patterns via statistical analysis which would be una—
ble to explain micro behavior reasons driving the social network evolution. To make up the deficiency a utility
function of network individuals is established and a utility analysis is introduced to model the social network e—
volution. Meanwhile the meeting sequence embedded in the social network evolution is further modeled as
a latent variable in order to explain the evolution phenomenon that the mentioned utility analysis cannot ex—
plain. Subsequently taking one-period observation of social network structure and individual attributes as the
input a Bayes-inference-based method is developed for estimating the preference parameters and the latent
meeting states. Through two groups of simulation analysis the accuracy of parameter estimation and the appli—
cable scope are verified and the proposed model is also applied to validate its explanatory power and predic—
tive force on the collected real data from Facebook platform. In all the proposed model will be helpful to ex—
plain how social network forms on social media platforms and also to predict the tendency of social network e—
volution so that it can lay a foundation for achieving the expected network structure and further controlling the
information spreading within social networks.

Key words: network evolution; social network analysis; utility analysis; Bayesian inference; social

media platform



