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Abstract The Internet is gradually evolved into a ubiquitous computing platform and information dissemination plat-
form. Emergence and rapid development of online social networking sites, micro blogging, blogs, forums, wikis and social
networking applications, make the form for the human to use the Internet to produce profound changes from simple in-
formation search and Web browser to construction and maintenance of online socialration information creation, exchange
and sharing based on social relations. Of interaction between individuals in the social network influence, the influence of
the social network is mainly dependent on the strength of the relationship between the individual, the network distance
between individuals, the timing factor,as well as network characteristics and individual characteristics. Influential analy-

sis technology related research includes individual impact strength measurement technology, individual influence and the
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diffusion mechanisms of influence.
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