ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2017,28(8):2161-2174 [doi: 10.13328/j.cnki.jos.005120] http://www.jos.org.cn
© . Tel: +86-10-62562563

12 3 12 4 12
) ) , ,

Y ( ) 430072)

X , 430072)

3 . 430072)

“( : 650091)

, E-mail: peng@whu.edu.cn

. (D
, GIC(group independent cascade);(2) GIC , CGIM
(cascade group influence maximization), top-k . ,

: TP311

: ) ) ) ) . o ,2017,28(8):2161-2174. http://
Www.jos.org.cn/1000-9825/5120.htm

: Zhang P, Wang LW, Peng ZY, Yue K, Huang H. Group-Based method for influence maximization. Ruan Jian
Xue Bao/Journal of Software, 2017,28(8):2161-2174 (in Chinese). http://www.jos.org.cn/1000-9825/5120.htm

Group-Based Method for Influence Maximization

ZHANG Ping'?, WANG Li-Wei®, PENG Zhi-Yong'?, YUE Kun*, HUANG Hao'?

!(State Key Laboratory of Software Engineering (Wuhan University), Wuhan 430072, China)
%(Computer School, Wuhan University, Wuhan 430072, China)

3(International School of Software, Wuhan University, Wuhan 430072, China)

*(School of Information Science and Engineering, Yunnan University, Kunming 650091, China)

Abstract: Influence maximization aims at finding a set of influential individuals (i.e. users, blog etc.) in a social network. Most of the
existing work focused on the influence of individuals under the hypothesis that the influence relationship between the individuals is
known in advance. Nonetheless, it is often the case that groups (i.e. area, crowd etc.) are only natural targets of initial convincing attempts
in many real-world scenarios, such as billboards, television marketing and plague prevention. In this paper, the problem of locating the
most influential groups in a network is addressed. (1) Based on the discovery of the group associations, GIC (group independent cascade)
model is proposed to simulate the influence propagation process at the group granularity. (2) A greedy algorithm called CGIM (cascade
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group influence maximization) is introduced to determine the top-k influential groups under GIC model. Experimental results on both
synthetic and real datasets verify the effectiveness and efficiency of the presented method.
Key words: social network; influence maximization; association model; influential group
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