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Community detection algorithm for boundary region processing
based on submodular optimization
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Abstract : Overlapping regions often occur when non-overlapping community structure is obtained by clustering granulation method. The
nodes in the non-overlapping parts of the community of the left side between two communities with overlapping parts were defined as
positive regions. Then, the nodes on its right are denoted as the negative region, and nodes in the overlapping parts are denoted as the
boundary region. In order to achieve better community structure, it is necessary to divide the nodes in the boundary region into non-
overlapping parts. Submodular optimization is widely used in machine learning, If the objective function has sub-modularity, it exists a
simple greedy algorithm which can approximate the optimal solution of the problem with constant factor in polynomial time. In this paper,
submodular optimization is introduced into the processing of nodes in overlapping communities. and a community detection algorithm
(SO-CDA) for boundary region processing based on submodular optimization is proposed. The device location function is defined for
submodular optimization, the partition of overlapping nodes is converted to the maximization of submodular function. The experimental
results on seven real networks show that SO-CDA can effectively divide communities and achieve more stable performance.
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B 1 SO-CDA 4319 Dolphins % #1254
Fig. 1 Dolphin community structure

divided by SO-CDA algorithm
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Table 2 Comparison of NMI by different

algorithms on real-world networks

Network CNM Louvain MEAs-SN  MDSTA SO-CDA
karate 0.7 0.59 0.782 0.687 3 0. 837
Dolphins 0.56 0.55 0. 437 0.587 2 0. 889
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polbooks 0.53 0.51 0. 449 0.560 2 0.579
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Table 3 Comparison of Q-value by different

algorithms on real-world networks

Network CNM Louvain  MODBSA/D MDSTA SO-CDA
Email 0.5116 0.5412 0.5207 0.5666 0.571
Netscience  0.858 1  0.934 6 0.9127 0.9597 0.962
powergrid  0.9341 0.7756 0.8085 0.9345 0.935
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