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Abstract  Influence maximization is the problem of obtaining a set of nodes with specified size in
a social network to maximize their aggregate influence under certain influence diffusion model.
Since greedy algorithms are inefficient and not-scalable, we propose a heuristic algorithm named
Core Covering Algorithm (CCA) based on the coreness hierarchical characteristic and influence
radius. Firstly, the algorithm introduces the concept of k-core and calculates the coreness of each
node. Then, it introduces the influence radius parameter according to the hierarchy of coreness.
Finally, it identifies influential nodes in accordance with the coreness and degree. Experiments are
conducted on two datasets and two diffusion models. Experimental results show that (1) CCA
performs better than other heuristic algorithms under Independent Cascade Model with a larger
influence probability; (2) CCA also performs better than other heuristic algorithms under TRIVA-
LENCY model; (3) Compared with other heuristic algorithms, CCA has lower running time.
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Background

In recent years, social network analysis has obtained a
great attention with the popularization of the social network
sites such as Sina Microblog, Facebook and Twitter. In the
field of social network research, there are following research
directions: theoretical analysis of social network structure,
information propagation in social networks, community
structure analysis and so on. The problem we study in this
paper is influence maximization problem which is about infor-
mation propagation. It is the problem of obtaining a set of
nodes with specified size in a social network to maximize their
aggregate influence under certain influence diffusion model.
The problem is very meaningful and it has many practical
applications such as marketing by identifying influential users,
monitoring public opinion etc. In social networks, we can
promote some products by making use of “word-of-mouth”
effect which is a new effective marketing strategy.

The problem was proposed as a discrete optimization
problem in 2003. The optimization problem is proved to be
NP-hard and the balance of the running time and spread
range is the main bottleneck for large social networks. So
far, there are two kinds of algorithms to solve the problem.
One is the greedy algorithms which have larger spread range
and more running time. Another is the heuristic algorithms
which run faster but have lower spread range. So in this
paper, we mainly attempt to tackle the problem of influence

maximization in terms of both efficiency and effectiveness.

We propose a heuristic algorithm based on the coreness of
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nodes instead of degree, betweenness because the coreness
has hierarchical and aggregate characteristics. We conduct
experiments on two real datasets and two diffusion models.
Experimental results show that (1) the algorithm we propose
performs better than other heuristic algorithms under Inde-
pendent Cascade Model with a larger influence probability,
(2) it also performs better than other heuristic algorithms
under TRIVALENCY model, (3) Compared with other
heuristic algorithms, it has lower running time. We are
working on social network for some time and our work is
mainly focused on: community partition, influential nodes
identification, Sina Microblog Information Diffusion Analysis,
microblog expert identification etc.
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