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Overlapping Community Detection Algorithm Based on Improved Multi-label Propaga-

tion
Du Changjiang, Wang Zhixiao, Xing Zhenming
(School of Computer Science and Technology, China University of Mining and Technology, Xuzhou, 221116, China)

Abstract: Label propagation is a widely used community detection method with low complexity. It assigns
an initial label for each node in the network, and then propagates the labels to discover the potential com-
munity structure in complex networks. However traditional label propagation is faced with some inade-
quacies, such as ignoring the difference between nodes and input parameters demanding. To overcome
those defects, this paper puts forward an overlapping community detection algorithm based on the im-
proved multi-label propagation. It uses K-shell decomposition method to identify core nodes of the net-
work firstly, and then updates labels outward layer by layer. The number of labels of overlapping nodes
is determined by the types of neighbor node when choosing label for a node. Experiment results show that
this algorithm makes the community detection results more accurate and stable.

Key words: complex network; overlapping community; label propagation; K-shell decomposition
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Tab.1 Data of LFR networkks

S N mink maxk minc maxc " 0, 0,

b, 3000 20 50 10 50 0.1 ~0.8 100 4

b, 5000 40 100 20 100 0.1 ~0.8 300 4
(2) B 5 ) 4 R 4 4R

Ry 56 UE B 95 A LS 4 T A R L BT 7 41 LS 45 B dE L Zachary's Karate Club, Dolphin So-
cial Network.American College Football DA fz PGP.DBLP 4™, 5x $b 35 52 W 4% 09 54 >k B http://
www-personal. umich. edu/~ mejn/netdata/Fil http://snap. stanford. edu/data/index. html, H {4& £ %
* 2R,
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Tab.2 Data sets of real networks

EES %) 4% A
Karate 34
Dolphins 62
Football 115
C. elegans metabolic network 453
PGP network 10 680
Collaboration network 65 276
DBLP collaboration network 317 080
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Tab.3 Datas of LFR networks

S8 N mink maxk minc maxc P 0, O
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Fig. 7 Comparison of efficiency of the four methods
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Tab.4 Comparison of modularity of three methods based on muti-label propagation in real networks

% COPRA K-COPRA MOLPA
v EQ v EQ EQ
Karate 2 0.559 2 0.619 0.652
Dolphins 3 0.597 2 0.636 0.678
Football 2 0. 480 4 0.629 0. 664
C. elegans metabolic network 4 0.533 5 0.571 0.619
PGP network 7 0.547 8 0. 565 0.634
Collaboration network 8 0.459 8 0.519 0.572
DBLP collaboration network 10 0.432 11 0.475 0.514

WFE 4 Rl LLE I, 7E Karate M %% |, COPRA #1 K-COPRA % vE BRGS0 2.8 &
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Tab.5 Comparison of modularity of three overlapping community detection algorithms in real networks

™) 4% CPM BOCLP MOLPA
Karate 0. 560 0.581 0.652
Dolphins 0. 607 0.633 0.678
Football 0. 650 0.652 0. 664
C. elegans metabolic network 0.581 0.569 0.619
PGP network 0.592 0.573 0.634
Collaboration network 0.563 0. 545 0.572
DBLP collaboration network 0.493 0.508 0.514
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