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Study on Temporal Influence Maximization Driven by User Behavior

WEI Peng' . MA Yu-liang® , YUAN Ye® and WU An-biao'
1 School of Computer Science and Engineering, Northeastern University,Shenyang 110000, China
2 School of Business Administration, Northeastern University,Shenyang 110000, China

3 School of Computer Science,Beijing Institute of Technology, Beijing 100081, China

Abstract Influence maximization(IM) aims to find a group of users in a social network, through whom information can spread
most widely in the network. Existing studies mainly focus on the IM problem in static networks. However, social networks are
constantly evolving in real life.and propagation models(such as independent cascading model and linear threshold model) based
on static networks are not suitable for the information propagation process in evolving networks. Meanwhile. the existing resear-
ches ignore the influence of user behavior on information propagation. Therefore, to tackle this problem, this paper proposes a be-
havior driven independent cascade(BDIC) propagation model, which can effectively describe the information propagation process
in the evolving social networks. Based on this model,a user behavior-driven IM algorithm is proposed. It mainly includes three
steps. Firstly,the process of message transmission is modeled to calculate the probability of information transmission in evolving
social networks. Then,a user behavior-driven reverse influence sampling algorithm is proposed, which can effectively query the
most influential user with a specific time. Finally.a seed query algorithm under different time(time series) is designed,which can
effectively reflect the dynamic change characteristics of seed nodes in evolving social networks. To evaluate the effectiveness of
the proposed algorithm,a similarity comparison method between seed nodes and the affected nodes is designed. Experiments on
real datasets verify the efficiency and scalability of the proposed approaches. The results also demonstrate that the BDIC model

can effectively reflect the information propagation process in evolving social networks.
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4. Randomly sample a node v€ V
5. R={v}
6. QueueQ. push(v) and mark v as active
7. whileQ is not empty
8. let u=Q. top
9. Q. pop
10. for each w in-neighbors of u

11. if wis inactivated & randO)<<p(u,w) //H " w & u ¥

ABJE H w AR BHOE BT AT L W R BB o SO L UK w
A u S Tk A

12. add w to R

13. mark w is active
14. P<—RUR

15. R=0

16. fori=0 to k
17, v=arg max(Ax (S U V) = Au (S /AR 3B o 1

v B R A 2 T a6 ORI A
18 S¢ <S¢ U(v'}

19. return Sy
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Fig. 2 Propagation probability matrix
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HEALE R E®R 3 151717,
#i%3 SISC
WA B T R R T4 S
it o AT g AR A AL R
1. similarity=0
2. foruin S
3. u_neigh=0Q

4. fo rv in User

5. if vis u’s neighbor

6. u_neigh<-u_neighU {v}
7. T. = Vector( | Actions| ,0)
8. for a in A,

9. T, a]=1

10.  for v in u_neigh

11. T. = Vector(| Actions| .0)
12. for ain A,

13. T, a]=1

14. u_v_simil=cosine(T,,T,)
R

16. similarity= Zu‘_gi‘mil

17. return similarity
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Table 2 Datasets
Datasets Nodes Edge Action
Digg 139000 100000 301000
Weibo 1776000 308000 300000
Synthetic data3 329 15000 20000
Synthetic data4 4620 38000 492000
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