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Fig.7 Average degrees of user relations in different inner communities
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Fig.8 Closeness comparison of inter-communities with different scales
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Table 2 Comparison of Q-modularity values

w2 BIHLEAE Q X LE

Ki=8 Ki=16 Ki=20 K=24
Multi-BVD BVD Multi-BVD BVD Multi-BVD BVD Multi-BVD BVD
Yelp 0.325 0.204 0.341 0.166 0.393 0.208 0.294 0.187
Gowalla 0.286 0.182 0.373 0.151 0.402 0.213 0.328 0.195
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Fig.9 Similarity comparison of interest tags in different communities
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