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Abstract Influence maximization is the problem of obtaining a set of nodes with specified size in social network to ma-
ximize their aggregate influence under certain influence diffusion model.and it can yield significant benefit both in theory
and real life. Influence maximization has been proved to be NP-hard by Kempe D et al. This paper proposed a new algo-
rithm for influence maximization named K-clique Heuristic. The basic idea of the algorithm is that the nodes in social
network spans multiple social circles. If these nodes are more widely spread in field and range, they have greater inter-

sectionality and influence. The experimental results show that the proposed model is effective,and it may also shed light

on the profound problem of influence maximization in social network.
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&% 1 GeneralGreedy(G,s)

1. initialize S= @ and R=10000

2. fori=1 to s do

3. for each vertex v € V\S do

4 6, =0
5 for i=1 to R do

6 s, H=13SU{v}|

7. end for

8 s,=s,/R

9 end for

1(>.S:SU<af§rvn\ix{s\,}>

11. end for

12. output S
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Fig. 1 K-clique community division in complex networks
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1. initialize S= @ . dict=]
2. KC=KCliqueCommunity (G, k)
3. for each vertex v € V\S do
4. for each cligue k¢; € KC do

5 if v €k then
6. dict[v]+=1
7 end if

8. end for

9. end for

10. S=argmaxTop(dict[v])[1 :s]
11. Return S
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Fig. 2 Performance of different algorithms under IC model
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