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A New Hybrid Algorithm for Influence Maximization in Social Networks

TIAN Jia-Tang WANG Yi-Tong FENG Xiao-Jun
(School of Computer Science s Fudan University, Shanghai 201203)

Abstract Influence maximization is a problem of finding a small subset of nodes (target set) in a
social network that could maximize the spread of influence. This optimization problem of influ-
ence maximization is NP-hard under several most widely studied diffusion models and is even chal-
lenging for current online social networks which contain both positive and negative relations.
Kemple and Kleinberg proposed a natural climbing-hill greedy algorithm that chooses the nodes
which could provide a good marginal influence. This greedy algorithm has large spread of influ-
ence, but is very costly and cannot be applied to large social networks. Also, greedy algorithm
could not guarantee the best influence spread. In this paper, we propose a framework on the line-
ar threshold model and a hybrid potential-influence greedy algorithm (HPG) which can make
good use of the “influence accumulation” property of the linear threshold model. Considering the
network structure and propagation characteristics, HPG algorithm first heuristically choose half
of the initial seeds with the biggest potential influence (PI) and then greedily choose the other
half initial seeds with the most influence. Experiments are conducted comprehensively on differ-
ent real datasets (including weighted social networks, directed social networks and signed social
networks). Experimental results demonstrate that HPG algorithm significantly outperforms the

local-optimal greedy algorithm and could achieve reduced running time.
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Background

Social network analysis (SNA) has been developed as an
independent research domain for many years. Social networ-
king sites such as MySpace, Facebook and Flickr enable peo-
ple and organizations to contact each other. Today, hundreds
of millions of internet users are using online social networ-
king sites to discover new “friends”. share user-created con-
tent (photos. videos, blogs etc. ) as well as diffuse news or
ideas. So, the Web is now considered more like a giant “Social
Network” or “Social Web”. Social networks also serve as an
important medium for the diffusion of information, ideas or
innovations. With the development of Web technology and
the advent of Web 2.0, the research of SNA is facing great
challenges. The NFS project (61033010) was proposed un-
der such situation and our main purpose is to study “informa-
tion fusion and its corresponding knowledge service under the
WEB environment”. In this project, we will focus on various
information diffusions such as integrating different media
data, identifying relationships between different data objects,
extracting social communities and investigating how informa-
tion diffuses among people, organizations and communities in
large online social networks.

The problem we study in this paper is about information
diffusion; especially about how to maximize diffusion range
under certain diffusion model in large online social networks.
This problem is very important and meaningful and it has
many real applications such as social security, pre-warning of
public opinion and marketing by identifying “most influential
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rioter, opinion leaders, potential buyers” etc. Traditional

marketing is being replaced by new strategies in which the

‘ J

product (ideas, innovations) is turned into “epidemics”.
Many products promote rather easily in a social system
through a domino effect. Comparing with traditional social
network, network structure and diffusion behavior become
even more complex in online social networks, e. g. relation-

ships could be positive (friends) and negative (foes), diffu-
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sion model might be different. Influence maximization is the
problem of finding a small subset of nodes (seed nodes) in a
social network that could maximize the spread of influence
and it has attracted much attention and some works have been
proposed in recent years. The optimization problem of selec-
ting the most influential nodes is proved to be NP-hard and
the running time is the main bottleneck for large social net-
works. In this paper, we mainly attempt to tackle the prob-
lem of influence maximization in large online social networks
in terms of both efficiency and effectiveness. Most prior
work on influence maximization is mainly focused on IC (In-
dependent cascading) diffusion model due to its sub-modular-
ity property, and few works are on LT (Linear Threshold)
model. However, LT model is the basis of “word-of-mouth”
effect for online marketing. In this paper, we investigate LT
model and observe “accumulation” feature of LT model. Ac-
cording to this observation, we propose new algorithms for
influence maximization under LT model. We conduct thor-
ough experiments on different real datasets (including sighed
social networks) and experimental results show that the pro-
posed algorithm obtains a much better performance than the
greedy algorithm in terms of both influence spread and run-
ning time while few works so far has done this. Moreover it
is extended to the signed social networks and has a good per-
formance too. We have been working on Web mining and so-
cial network for a long time and our work is mainly focused
on: community extraction, spam detection, influential nodes
identification, blog experts identification etc. and has pub-
lished in international conferences DASFAA11l, ADMAO09,
ADMA10, HTO09.

This work is supported by National Natural Science
Foundation of China under grant No. 61033010. The main re-
sult of this paper is to solve information diffusion and influ-

ence maximization in the online social network environment.



