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3. School of Computer Science, Guangdong Polyt
gy ydet@ctionsalgoritim based on label propagation in complex networks
has a pre-parameter limit in the real network and'ré b\, ant labels, Y&, community detection model in large scale academic social

networks was proposed. The model detggtedMtmost/Maxirhal Gliques ( UMC) in the academic social network and arbitrary

intersection between the UMC is the ¢pt , and then let'nodes of each UMC share the unique label by reducing redundant
labels and random factors, so the mo&eased the effictency and stability of the algorithm. Meanwhile the model completed
label propagation of the UMC adjacent nodes using Jcloseness from core node groups (UMC) to spread around, Non-UMC
adjacent nodes in the network were updafed according to the maximum weight of its neighbor nodes. In the post-processing
stage an adaptive threshold method removedjuseless labels, thereby effectively overcame the pre-parameter limitations in the
real complex network. The experimental results on academic social networking platform—SCHOLAT data set prove that the
model has an ability to assignfnodes with certain generality to the same community, and it provides support of the academic
social networks precise personalizéd service in the future, such as latent friend recommendation and paper sharing.
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