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Algorithm for Detecting Overlapping Communities Based on Centered Cliques

XUE Lei and TANG Xu-qing

School of Science,Jiangnan University, Wuxi, Jiangsu 214122, China
Abstract Community detection in complex network has become a vital way to understand its structure and dynamic characteris-
tics. However, there are two inherent shortcomings that the parameter dependency and instability of using the traditional node
clustering and link clustering to detect overlapping communities. This paper proposes an improving algorithm, that is, the local
expansion method based on the centered clique(CLEM) , for detecting overlapping communities. Firstly,in CLEM algorithm, the
centered cliques is selected as the core seed and the nodes deleted by multiple times in the process of seed expansion are punished,
so its stability of results is improved. Then,by selecting the fitness function with parameter-independent and improving its itera-
tive calculation process,the parameter limitation of the fitness function is avoided and the computational complexity is quickly re-
duced. Finally, the test results on synthetic networks and real-world networks show that CLEM is good both in computing time
and accuracy compared with some existing algorithms.

Keywords Centered clique,LLocal expansion,Overlapping community detection,Seed expansion, Community optimization
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Table 2 Real-world networks used in experiments

Network Nodes Edges  Average degree Description Source
Karate 34 78 4.588 Zachary’s karate club X wk[38]
Dolphins 62 159 5.129 Dolphins society network Xk [38]
Pol. books 105 441 8.4 Books about US politics X #h[38]
Football 115 613 10. 66 American college football Xk [38]
C. elegans 453 2025 8.94 C. elegans metabolic Xk [39]
Email 1133 5451 9.622 Email network URV X #h[39]
Power 4941 6594 2.669 Power grid Xk [38]
PGP 10680 24316 4.554 PGP networks X wk[39]
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Table 3 Experimental results on eight real-world networks

Network CPM LFM LC NDOCD ELSC CLEM (ksasSsJSmax sAsc)
Karate 0.15/0.186 0.285/0. 382 0.179/0.179 0.187/0. 208 0.371/0.371 0.361/0. 401 (3,1.2,0.3333,0.3,5,6)

Dolphins 0.325/0. 361 0.338/0.447 0.284/0. 284 0.27/0. 305 0.472/0.472 0.3568/0.498 (3,1.1,0.2,0.3,6.6)

Pol. books 0.374/0. 436 0.329/0. 481 0.403/0.403 0.167/0. 180 0.3737/0.373 0.338/0.431 (3,1,0.2,0.3,6,6)

Football 0.396/0.559 0.476/0.527 0.110/0.110 0.293/0.311 0.401/0.401 0.574/0.598 (4,1,0.2,0.3,4,6)

C. elegans 0.065/0.095 0. 154/0. 201 0.109/0.109 0.128/0.136 0.153/0.153 0.098/0. 142 (4,1,0.2081,0.3,6,6)
Email 0.137/0. 264 0.181/0.273 0.06/0.06 0.141/0.171 0.264/0. 264 0.283/0. 355 (4,0.9,0.1707,0.3,5,6)
Power 0.066/0.157 0.496/0.570 0.768/0.768 0.307/0.32 0.819/0.819 0.575/0. 584 (3,0.8,0.1176,0.3,5,6)
PGP 0.311/0. 363 0.483/0.598 0.458/0.458 0.309/0. 319 - 0.548/0.567 (3,0.8,0.1408,0.3,—,6)
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Table 4 Results about penalty indicator

Karate Dolphins Football C.elegans Email Power PGP
MND 1 1 2 1 4 2 6 6
TAN 0 0 0 0 0 1 16 25
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