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Abstract: Most community detection algorithms in complex networks find communities based on topological structure of the network.
Some important information is included in real network data, which represents data reliability or link closeness. Combined these prior
information to detect communities might obtain better clustering results. An overlapping community detection on weighted networks
(OCDW) is proposed in this study. Edge weight is defined by combining network topological structure and real information. Then, vertex
weight is induced by edge weight. To obtain cluster, OCDW selects seed nodes according to vertex weight. After finding a cluster, edges
in this cluster reduce their weights to avoid being selected as a seed node with high probability. Compared with some classical algorithms
on 9 real networks including 5 unweighted networks and 4 weighted networks, OCDW shows a considerable or better performance on
F-measure, accuracy, separation, NMI, ARI, modularity and time efficiency.
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Fig.3 Weighted dense subgraphs in Zachary’s karate club and dolphins social network obtained by OCDW
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Fig.5 Final communities in Zachary’s karate club and dolphins social network obtained by OCDW
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s

Table 2 Comparison of OCDW with some classical algorithms

2 OCDW
Data set Index k-dense CPM MCODE HC-PIN MDOS BGLL OCDW
F-measure 1.000 0 0.400 0 0.000 0 1.000 0 1.000 0 1.000 0 1.0000
Acc 0.594 1 0.542 3 0.265 6 0.696 3 0.747 5 0.840 1 0.985 2
Karate Sep 1.000 0 0.816 4 0.707 1 0.707 1 0.816 4 0.707 1 1.0000
NMI 1.000 0 0.888 0 0.883 8 0.1492 0.8518 0.695 6 1.0000
ARI 1.000 0 0.757 0 0.664 2 0.179 6 0.780 1 0.566 9 1.000 0
F-measure 1.000 0 1.000 0 0.857 1 0.666 7 0.8333 0.888 9 1.000 0
Acc 0.672 0 0.672 0 0.465 2 0.647 5 0.728 4 0.894 8 0.968 4
Dolphins Sep 1.000 0 1.000 0 0.737 7 0.707 1 0.662 2 0.743 5 0.930 6
NMI 1.000 0 1.000 0 0.840 6 0.760 6 0.753 0 0.769 9 0.868 0
ARI 1.000 0 1.000 0 0.680 4 0.588 8 0.584 8 0.756 8 0.8491
F-measure 0.956 5 0.956 5 0.736 8 0.000 0 0.924 9 0.909 0 0.956 5
Acc 0.787 3 0.901 3 0.608 0 0.336 2 0.864 4 0.8952 0.890 7
Football Sep 0.705 4 0.7770 0.5333 0.288 6 0.732 4 0.8223 0.8055
NMI 0.8349 0.8822 0.662 8 0.007 0 0.8527 0.8922 0.900 7
ARI 0.654 8 0.794 6 0.3922 0.003 0 0.725 8 0.816 5 0.8395
F-measure 0.666 6 0.444 4 0.166 6 0.666 6 0.307 6 0.500 0 0.7058
Acc 0.816 6 0.776 8 0.452 4 0.729 5 0.696 5 0.823 1 0.816 6
Polbooks Sep 0.633 8 0.4952 0.4158 0.466 1 0.394 6 0.542 6 0.542 8
NMI 0.6859 0.600 0 0.628 2 0.497 8 0.412 8 0.5558 0.5739
ARI 0.786 2 0.649 5 0.336 0 0.604 8 0.267 8 0.620 4 0.653 3
F-measure 0.000 0 0.000 0 0.000 0 1.000 0 0.2857 0.000 0 0.3333
Acc 0.462 9 0.409 5 0.259 6 0.713 3 0.605 2 0.361 3 0.559 8
Adjnoun Sep 0.707 1 0.364 6 0.3202 0.707 1 0.320 1 0.254 8 0.356 4
NMI 0.747 6 0.5329 0.5551 0.0252 0.106 0 0.007 3 0.107 4
ARI 0.636 7 0.438 9 0.292 4 0.033 9 0.1355 —0.010 6 0.1390
O Fmeasure Acc Sep NMI ARI O Fmeasure A Sep N A b r— Acc Sep
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Fig.6 Comparison results on F-measure, accuracy, separation, NMI and ARI on 5 real network datasets
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Table 3 Modularity (EQ) and running time of different algorithms on 4 real network datasets

3 4 (EQ)
Data set Index k-Dense CPM MCODE HC-PIN MDOS BGLL OCDW
Les misérables EQ 0.154 1 0.299 8 0.338 2 0.248 1 0.187 8 0.5650 0.463 0
Time (s) 0.2 3 0.9 0.8 1.6 0.1 0.2
Email EQ 0.256 1 0.265 3 0.100 4 0.001 7 0.206 3 0.289 2 0.3501
Time (s) 15 59 23 18 67 3 12
NetScience EQ 0.683 3 0.5915 0.648 1 0.661 5 0.408 9 0.636 6 0.6957
Time (s) 13 87 36 26 81 10 11
Hen-th EQ 0.3872 0.538 7 0.303 0 0.623 0 0.3612 0.602 8 0.6305
P Time (s) 257 392 315 279 3471 36 206
5
- OCDW,
k-dense, CPM,MCODE,HC-PIN,MDOS,BGLL 9 y y
OCDW . F
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