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Community Detection Algorithm Based on Local Similarity of Feature Vectors

YANG Xu-hua and SHEN Min

College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
Abstract Community discovery and analysis is a hot topic in the study of complex network structures and functions. At present,
the widely used algorithm for community partitioning has some problems,such as high time complexity,inaccurate quantification
of the number of community cores,and low partitioning accuracy. Therefore, this paper proposed a community detection algorithm
ELSC based on local similarity of feature vectors. The algorithm first calculates the eigenvector centrality of each node in the net-
work. On this basis, the eigenvector local similarity (ELS) and eigenvector attractiveness (EA) indicators were proposed. The
ELS index indicates the similarity between nodes. To form the initial community,the similarity between the nodes within the same
community is higher,and the similarity between different community nodes is lower. The EA index considers the local similarity
and the eigenvector centrality ratio,indicating the node. The attraction is used to optimize the initial community and complete the
community division of the network. The algorithm determines the node by the most value,avoiding the problem that the threshold
number of nodes is uncertain. The modularity and standardized mutual information between the proposed algorithm and six well-
known algorithms were compared on seven real networks. Numerical simulation results show that the algorithm has high accuracy

and low time complexity.

Keywords Community detection, Eigenvector centrality, Eigenvector local similarity, Eigenvector attractiveness
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Table 1 Information of seven real world networks
No. Networks Nodes Edges  Communities

1 Zachary 34 78 2

2 Dolphins 62 159 4

3 Les Mis 77 508 11

4 Polbooks 105 441 3

5 Football 115 613 12

6 Jazz 198 2742 4

7 Email 1133 10903 10

T : No. %R 55, Networks 275 45 , Nodes 2 7% b 137 9 4% 45 4119 550k
Edges 7% X ¥ 9 4% 3% 11 19 808, Communities 2271 XTIV I 46 137 %1 43 11
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F FN 809 0. 38, NMI {H M 1, L BR k-means My 5 4 L
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Table 2 Eigenvector local similarity of part of nodes in

Zachary network

1 2 3 4 5 6 7 8 9 10
1 0 0.899 0.910 0.908 0.536 0.540 0.554 0.904 0.688 0
2 0.899 0 0.907 0.980 0 0 0 0.976 0 0
3 0.910 0.907 0 0.924 0 0 0 0.920 0.707 0.153
4 0.908 0.980 0.924 0 0 0 0 0.996 0 0
5 0.536 0 0 0 0 0 0.967 0 0 0
6 0.540 0 0 0 0 0 0.974 0 0 0
7 0.554 0 0 0 0.969 0.974 0 0 0 0
8 0.904 0.976 0.92 0.996 0 0 0 0 0 0
9 0.688 0 0.707 0 0 0 0 0 0 0
10 0 0 0. 153 0 0 0 0 0 0 0

# 3 Zachary 4 A>T R REAE ] 40 5[

Table 3 Feature vector attraction of part of nodes in Zachary

network

1 2 3 1 5 6 7 8 9 10
1 0 0 0 0 0 0 0 0 0 0
2 1.410 0 0 0 0 0 0 0 0 0
3 1.409 1.128 0 0 0 0 0 0 0 0
4 1,426 1.219 1.073 0 0 0 0 0 0 0
5 1.054 0 0 0 0 0 0 0 0 0
6 1.058 0 0 0 0 0 0 0 0 0
7 1.072 0 0 0 0.993 1.007 0 0 0 0
8 1.197 0 0. 854 0 0 0 0 0 0 0
9 1.197 0 0. 854 0 0 0 0 0 0 0
10 0 0 0.303 0 0 0 0 0 0 0

# 4 Zachary W25 v fIH 3005 A4 RFAE 1) 42 R AR DL A
Table 4 Eigenvector local similarity of edge-deleted-nodes in

Zachary network

Node  Node ELS Node Node ELS Node Node ELS

5 1 0.536 24 26 0.853 25 28 0.273
6 1 0.54 27 34 0.089 26 24 0. 835
7 1 0.554 28 25 0.273
11 1 0.554 30 34 0.062

#£5 AMUARFEMER Zachary B4 i K AS I 455 5
Table 5 Community detection with different A values in

Zachary network

A communities Q NMI
2 4 0.37 0.54
3 4 0.37 0.54
4 3 0.35 0.71
5 2 0.37 1
6 2 0.37 1

Bl 1 Zachary /4% i1 X

Fig. 1 Communities in Zachary Network
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Table 6 Eigenvector local similarity of part of nodes in Dolphins

network

33 34 35 36 37 38 39 40
33 0 0.428 0 0 0.628 0.432 0 0.374
34 0.429 0 0 0 0.397 0 0 0
35 0 0 0 0 0 0 0 0
36 0 0 0 0 0.22 0 0.144 0.288
37 0.628 0.397 0 0.22 0 0 0 0.421
38 0.432 0 0 0 0 0 0 0
39 0 0 0 0.144 0 0 0 0
40 0.374 0 0 0.288 0.421 0 0 0

# 7 Dolphins [X 2% H a8 205 s RFAE 1) 20 51 4

Table 7 Feature vector attraction of part of nodes in Dolphins

network

33 34 35 36 37 38 39 40
33 0 0 0 0 0.730 0 0 0
34 0.544 0 0 0 0.514 0 0 0
35 0 0 0 0 0 0 0 0
36 0 0 0 0 0.319 0 0 0. 380
37 0 0 0 0 0 0 0 0
38 0.534 0 0 0 0 0 0 0
39 0 0 0 0.257 0 0 0 0
40 0.468 0 0 0 0.521 0 0 0
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F# 8 A WA RME I Dolphins [ 45 i 4k X R i 155 100

Table 8 Community detection with different A values in Dolphins

network
A communities Q NMI
2 7 0.45 0.62
3 6 0. 44 0.68
4 5 0.46 0.75
5 5 0.46 0.75
6 4 0.51 0.83
7 4 0.51 0.83

&l 2 Dolphins £ iy 1 [X.

Fig. 2 Communities in Dolphins Network
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Fig. 3 Communities in Les Mis Network
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Fig. 4 Communities in Football Network
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Table 9 Comparison of module degree
Networks Nodes  Edges ELSC CNM FN GN K-means Infomap Walktrap
Zachary 34 78 0.37 0.24 0.38 0. 36 0.23 0.24 0.22
Dolphins 62 159 0.51 0.40 0.49 0.45 0.01 0.42 0.40
Les Mis 77 254 0.32 0.45 0.50 0.45 0.1 0.40 0.41
Polbooks 105 441 0.48 0.09 0.48 0. 44 0.08 0. 45 0.45
Football 115 613 0.60 0.53 0.55 0.59 0.41 0.48 0.27
Jazz 198 2,742 0. 40 0.28 0.41 0.38 —0.04 0.19 0.27
Email 1133 10,903 0.48 0.49 0. 48 0. 44 0.21 0.47 0.42
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Fig.5 Comparison of modular value of algorithms
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Table 10  Comparison of NMI values of algorithms

Networks Nodes  Edges ELSC CNM FN GN K-means Infomap Walktrap

Zachary 34 78 1.00 0.69 0.57 0.83 1.00 0.69 0.56

Dolphins 62 159 0.83 0.57 0.67 0.67 0.40 0.59 0.55

Les Mis 77 254 0.71 0. 66 0.62 0.67 0. 60 0.79 0.80

Football 115 613 0.91 0.71 0.61 0. 90 0.87 0.24 0.24
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