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Influence Analysis of Online Social Networks
WU Xin-Dong”?, LIYiY, LI Lei"

(school of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230009, China)
3(Department of Computer Science, University of Vermont, Burlington VT 05405, USA)

3)(Department of Computer Science and Technology, Beifang University of Nationalities, Yinchuan 750021, China)

Abstract Social influence analysis is one of the major research focuses in Social Network Analysis. Over the
past decade, benefiting from the rapid development of online social networks, researchers began to have the
opportunity to model and analyze the social influence based on the vast amount of realistic data, and they have
achieved fruitful research findings with great application values. This paper reviews important achievements on
influence analysis of online social networks in recent years. First, the concept of social influence is elaborated
with comparison to related definitions. Second, we discuss modeling and measuring for social influence analysis
with respect to network topology, user behavior and interaction information. Third, two important problems,
discovering opinion leaders and maximizing the spread of social influence are introduced in a close context to
social influence spreading. Finally, we conclude the paper with an exploration of future research directions on
influence analysis of online social networks.
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Background

Saocial influence can be observed when people exchange
their opinions, emotions, attitudes or behaviors with others. It
plays an important role in the domains of economics, politics,
culture etc. Researchers have obtained lots of valuable findings
through persistent explorations in more than half a century,
including its generation, evolution, spreading and modeling.

However, online social networks rose abruptly in the past
decade and have provided massive data produced by social
behaviors when people interact with each other. This has been
the first time that researchers could validate past findings on
social influence with massive realistic data. Unfortunately,
many of the findings need to be improved in new application
environments. Furthermore, new problems are continually
proposed, and new interesting findings emerge simultaneously.

This paper reviewed important achievements made by
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computer scientists on social influence analysis in recent years.
We elaborated the concepts concerning social influence such as
homophily and reciprocity, etc. Then important models and
measuring methods were introduced along with two
well-known propagating problems, discovering opinion leaders
and maximizing the spread of social influence. Finally, we
discussed future research directions of online social network
analysis.
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