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Abstract : Community detection plays an increasing important role in complex network analysis. There is still a goal that
how to improve the performance of community detection in real applications. Due to the content in networks helpful to
identifying communities, some methods focus on combining network topology with node content, which obtains no bad
performance of community detection. Besides, some community detection enhancement methods are mainly based on
designing the topological similarity of nodes to adjust network topology,which aims to achieve the enhancement. In order
to further improve the quality of community detection, we propose a unified method, Semi-supervised Community
Detection with Node Contents, shorted as SCDNC, which not only apply the enhancement into community detection, but
also achieve the integration of network topology and node content. In the new method, firstly, we propose a stochastic

block model to describe the community memberships of nodes. Secondly,we present another stochastic model to describe
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the community memberships of node contents,which utilizes community memberships of nodes as weight vectors of node
contents. By now, integrating network topology with node content is achieved. Thirdly, we calculate the topological
similarity of nodes by using links, and then model the prior information based on topological similarity, i.e., we make
nodes and their most similar neighbors have the same community membership. Finally, we present a nonnegative matrix
factorization approach to obtain the parameters of the model. On both synthetic and real-world networks with ground-
truths ,we compare performance of the new method with the state-of-the-art methods. The experimental results show that
the new method obtains significant improvement for community detection via combining node contents and network
topology enhanced by prior information.

Key words : community detection,node contents, prior information, stochastic block , nonnegative matrix factorization
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Table 3 Performance comparison of finding communities, the results in BOLD and italic indicate
the first-best and the second-best results respectively
Metrics Methods Texas Cornell Washington Wisconsin Uai2010
SCI 0.1249 0.0680 0.0683 0.1328 0.2340
CLNCCD 0.2043 0.2168 0.4233 0.2818 0.3685
NMF_LSE with 2 0.2260 0.1160 0.1446 0.0863 0.1936
NMI NMF_SYM with 02 0.1099 0.0863 0.0362 0.0776 0.2287
ECD 0.0918 0.0906 0.0379 0.0872 0.2703
NMF_LSE 0.2625 0.1355 0.2052 0.1762 0.7400
NMF_SYM 0.1371 0.1052 0.0615 0.1063 0.2826
SCDNC 0.3236 0.3255 0.4131 0.4843 0.4410
SCI 0.1793 0.0442 0.1108 0.0655 0.1054
CLNCCD 0.1935 0.1474 0.3792 0.2222 0.1808
NMF_LSE with 2 0.3292 0.0887 0.2403 0.0852 0.0697
ARI NMF_SYM with 02 0.2053 0.0344 0.0751 0.0368 0.0875
ECD 0.1564 0.0522 0.0701 0.0526 0.0899
NMF_LSE 0.3456 0.1171 0.3041 0.2017 0.5682
NMF_SYM 0.2682 0.0637 0.1295 0.0929 0.1366
SCDNC 0.2125 0.2163 0.4272 0.5416 0.2678
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Fig.5 The convergence curve of SCDNC on Texas, Cornell, Washington , Wisconsin and Uai2010, respectively
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