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A survey on online social network mining and search
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Abstract; With the vigorous development of online social networks, the traditional technologies of data mining and
searching cannot solve the problems of social networks in the Web 2.0 era. Social networks, accompanied by com-
plex social relationships, large amounts of data, dynamic updates, multimodal data, etc. have brought great chal-
lenge to the study of data mining and searching. Therefore, the research of novel algorithms of social network mining
and searching has become a new task in both academia and industry. This paper summarized the basic situation and
problems of social networks, and analyzed structural modeling techniques, information transmission mechanisms,
community detection, sentiment analysis, event detection and search ranking techniques of social networks. Based
on the analysis of previous researches, the prospect of social network data mining and search technologies was fore-
casted in this paper.
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