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Table 1 Statistics of the popular international and domestic
online social networking sites (as of June 2014)
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Table 2 Existing social network analysis platforms and systems
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a) RGEAMKIET: SNAP, http://snap.stanford.edu/snap/doc.html; Pegasus, http://www.cs.cmu.edu/~pegasus/what%20is%20pegasus.

htm; AutoMap, http://www.casos.cs.cmu.edu/projects/automap/hardware.php; OddBall, http://www.pdl.cs.cmu.edu/PDL-FTP/associated/OddBall.
pdf; C-IKNOW, http://ciknow.northwestern.edu/; Statnet, http://statnetproject.org/; NWB, http://nwb.slis.indiana.edu; EpiFast, http://www.
epifast.com/2004/menu.htm; HCS, http://hcs.ucla.edu.home.htm; NetworkX, http://networkx.lanl.gov/overview.html; CFinder, http://www.cfinder.
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Deep analytics and mining for big social data

TANG Jie & CHEN WenGuang

Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China

Online social networking is one of the most prominent features and main reasons of the big data era. In this paper, we first present the
immense opportunities brought by big data in: advancing the technical level of the Chinese IT industry, leading development of the
new Internet economy, and accelerating interdisciplinary research between sociology and information science. Next we analyze key
issues in online social networks and point out new challenges of big social data research on semantic understanding and analysis,
multi-modal association and fusion, group behavior analysis and mining, multidimensional analysis and visualization, and system
development and integration. We then focus on introducing key international and domestic achievements in big data and online social
networks. We conclude with a look at future trends in big social data analytics and mining.
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