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S P FREARA T O AR AL , R 1 52 BUAL X AT . H
FPAT Bt A A — E R RO PRI BE L , A 5
BENE P B A RE EAT AR S8R 58 3 . Bk e KR ] A
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SEE AR B Bl DAL R A A TR 2R A X 3R U LR
AR AR S AR . HL Y. Cai ™ 3 — B9 T AEIX
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DX P R AU R A 7 AR, 7 Ak DX 4 R T e X R AE 22
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Abstract . [ Purpose/significance ] Community profiling is important for solving the overload of social network infor-

mation and helping to achieve personalized and deep knowledge services. This literature review presents the research status

in community profiling, and analyzes the corresponding techniques, methods and applications, and aims to provide ideas

for further research and application of community profiling. [ Method/process ] Based on the literature investigation, this

paper reviews community profiling from three aspects: research content, techniques and methods, and application scenari-

0s. Moreover, the key features and weaknesses of the discussed techniques and methods are presented and several key re-

search fields for future research are highlighted. [ Result/conclusion ] It is found that the present research focuses on

static user data, user similarity methods for profiling, and traditional applications such as recommended services and com-

munity discovery. At present, the research on community profiling is still in its infancy, and the data, techniques and
methods need to be enriched. Tt should have good prospects and wide application in the future.

Keywords: community profiling user data content profile diffusion profile ~community detection recommender

system knowledge service
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