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Community Detection Based on Markov Similarity Enhancement and Network Embedding

ZENG Xiangyu, LONG Haixia and YANG Xuhua

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China

Abstract Community structure is ubiquitous in various complex networks in nature and is one of the important characteristics of
network structure. Community detection can identify useful information in the network, and help to analyze the structure and
function of the network. It is widely used in social networks, biology.medicine and other fields. Aiming at the low accuracy of the
current community detection algorithm based on local similarity in complex networks,a community detection algorithm based on
Markov similarity enhancement and network embedding is proposed. Firstly,inspired by the idea of Markov chain,a Markov simi-
larity enhancement method is proposed, which obtains the steady-state Markov similarity enhancement matrix through the Mar-
kov iterative state transition of the initial network. According to the Markov similarity index, the network is divided into initial
community structure. Then,a new community similarity index is proposed by combining the network topology and network em-
bedding. The small community in the initial community structure is merged with its closely connected community to obtain the
network community structure. On 7 real networks and artificial networks with variable parameters,compared with other 5 well-

known community detection algorithms,it is proved that the proposed algorithm has a good community detection effect.

Keywords Community detection, Complex network, Markov similarity, Network embedding, Community similarity
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Table 1 Basic information of 7 real networks
Network Node Edge Community-Truth

karate 34 78 2
dolphins 62 159 2
polbooks 105 441 3
football 115 613 12

lesmis 77 254 —
polblogs 1490 19090 —
facebook 4039 88234 —
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F 2 MSE 5 5 Filt 1 2% 5912 10 BL S 45 1 (0 B R B L
Table 2 Comparison of modularity between MSE and five

well-known algorithms in real networks

Modularity/Number of communities

Networks Leading
MSE FN CNM BLI LPA

eigenvector

karate 0.417/4 0.380/3 0.380/3 0.393/4 0.370/3 0.375/4

dolphins  0.514/6 0.495/4 0.495/4  0.491/5  0.510/5 0.506/4
polbooks 0.519/5 0.501/4 0.501/4  0.467/4  0.511/6 0.496/4
football  0.600/11 0.588/10 0.549/6  0.492/8  0.550/11 0.582/11
lesmis  0.472/4 0.516/5 0.500/5  0.532/8  0.525/6 0.526/5
polblogs  0.512/5 0.502/25 0.516/20  0.521/6  0.390/97 0.521/6
facebook 0.811/46 0.777/13 0.777/13  0.799/18 0.801/98 0.796/53
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Table 3 Comparison of NMI between MSE and five

well-known algorithms on real networks

Modularity/Number of communities

Networks Leading
MSE FN CNM BLI LPA

eigenvector

karate 0.837/2 0.579/5 0.690/3 0.677/4
dolphins  0.888/2 0.572/4 0.572/4 0.449/5
polbooks 0.539/5 0.515/4 0.530/4
football  0.915/11 0.878/10 0.697/6

0.699/3 0.563/4
0.510/5 0.552/4
.520/4 0.533/6 0.539/4
.698/8  0.889/12 0.909/11
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Table 4 Comparison of modularity Q and NMI value of MSE and

BLI algorithms with and without Markov iterative transfer

MSE NMSE MBLI BLI
Q NMI Q NMI Q NMI Q NMI

Networks

karate 0.417 0.837 0.371 0.837 0.400 0.837 0.370 0.699
dolphins  0.514 0.888 0.509 0.582 0.461 0.776 0.510 0.510
polbooks  0.519 0.539 0.435 0.477 0.519 0.539 0.511 0.533
football ~ 0.600 0.915 0.578 0.904 0.577 0.899 0.550 0.889
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Table 5 LFR benchmark map parameter description
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Fig. 2 Comparison of NMI of various algorithms on LFR network

with N=1000
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Fig. 3 Comparison of NMI values of various algorithms on LFR

network with N=4000
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