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Abstract With the increase of the scale of complex network, community structure becomes more complex. The relationship be-
tween nodes and communities become more diversified. It is expected to improve community detection algorithm performance by
effectively measuring the community structure and dealing with the nodes with different certainty of community belonging. This
paper proposes a community detection algorithm based on node stability and neighbor similarity. Firstly,label entropy of nodes is
defined to measure node stability and the nodes with low label entropy are selected as stable node sets. Then the neighbor simila-
rity is defined according to the label of node neighbor and the community belonging consistency of nodes and their neighbors is
measured. The initial network is constructed by using the node with the highest neighbor similarity between the stable node and
its neighbor,and the initial community detection results with high reliability are obtained by running label propagation algorithm
on the subnetwork. The unclustered nodes are allocated to the community of the node with the highest Katz similarity. The final
result of community detection is obtained by merging small-scale communities. Compared with LPA,BGLL, Walktrap, Infomap,
LPA-S and other classical algorithms, experimental results show that the NSNSA algorithm performs well in modularity and
NMI.

Keywords Complex network,Community structure,Label entropy.Node stability, Neighbor similarity
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Fig.1 Real community partition result of Dolphins network
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Table 1 Label entropy of nodes in Dolphins network
v Hg, (v) Hg, (v) Hg, (v) Hg(v) v Hg, (v Hg, (v) Hg, (v Hq (v)
0 1 1 1.4591 1.4591 31 0 0 0 0
1 1.0612 1.0612 1.9056 1.9056 32 0 0 0 0
2 1.5 1.5 1 1.5 33 0 0 0.4689 0.4689
3 0 0 0 0 34 0 0.7219 0.7219 0.7219
4 0 0 0 0 35 0 0 0 0
5 0 0 0 0 36 0.8631 0.8631 1.3787 1.3787
6 0 0 0 0 37 0.4394 0.4394 0.6840 0.6840
7 1.3709 1.3709 1.9219 1.9219 38 0 0 0 0
8 0.6500 0.6500 0.6500 0.6500 39 1 1 1 1
9 0 0 0 0 40 1.0612 1.0612 1.5487 1.5487
10 0.7219 0.7219 0.7219 0.7219 41 0 0 0 0
11 0 0 0 0 42 0.6500 0.6500 1.2516 1.2516
12 0 0 0 0 43 0.5916 1.1488 1.1488 1.1488
13 0 0 0 0 44 0.8112 0.8112 0.8112 0.8112
14 0.4138 0.4138 0.8166 0.8166 45 0 0 0.9456 0.9456
15 0.5916 0.5916 1.3787 1.3787 46 0 1 1 1
16 0 0 0 0 47 0.6500 0.6500 1.4591 1.4591
17 0 0 0.7642 0.7642 48 0 0 0 0
18 0 0 0.5916 0.5916 49 0 1 1 1
19 0.8112 0.8112 1 1 50 0.5916 0.5916 1.3787 1.3787
20 0.7642 0.7642 0.986 4 0.9864 51 0 0 0.4689 0.4689
21 0 0 0.9182 0.9182 52 0 0 0.8112 0.8112
22 0 0 0 0 53 1 1 0 1
23 0 0 0.9182 0.9182 54 0 0 0.8631 0.8631
24 0 0 0. 65 0.65 55 0 0 0 0
25 0 0 0.9182 0.9182 56 0 0 0 0
26 0 0 0.9182 0.9182 57 0 0 0 0
27 0 0 1.5219 1.5219 58 0 0 0 0
28 1.5219 1.5219 1.9219 1.9219 59 0 0 0.9709 0.9709
29 0.5032 0.5032 1.2243 1.2243 60 0 0 0 0
30 0.9709 0.9709 1.5219 1.5219 61 1.5849 1.5849 0.9182 1.5849

[# 2 Dolphins M 4 [ 13 8] iy Fe 2 17 S5 SR TR # ED
Fig. 2

Stable node set S in Dolphins network
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Table 2 Neighborhood similarity of nodes in Dolphin network

v Score v Score v Score v Score v Score

0 0.1000 1 0.0234 2 0.1000 3 0.0476 4 0.0833

5 0.0625 6 0.0625 7 0.1333 8 0.0396 9 0.0625

10 0.1600 11 0.0833 12 0.0476 13 0.0625 14 0.0396

15 0.0476 16 0.0476 17 0.0486 18 0.0714 19 0.1666

20 0.0370 21 0.0555 22 0.0625 23 0.0555 24 0.0694

25 0.2222 26 0.2222 27 0.1333 28 0.0190 29 0.0555

30 0.1333 31 0.0625 32 0.0625 33 0.0428 34 0.0380

35 0.0833 36 0.0272 37 0.0389 38 0.0476 39 0.0312

40 0.0297 41 0.0625 42 0.1333 43 0.0340 44 0.0357

45 0.0530 46 0.2500 47 0.1000 48 0.0625 49 0.2500

50 0.0272 51 0.0750 52 0.0357 53 0.0476 54 0.0446

55 0.0833 56 0.0625 57 0.0625 58 0.0476 59 0.0285

60 0.0625 61 0.0317

# 3 Dolphins 4852 8 T s 09~ BT Sk £
Table 3 Extended node selection for stable nodes in Dolphin network

v Nv ¥R A v Nv IR
3 8,14,59 8 4 51 51
5 9,13,56,57 9 6 9,13,17,54,56,57 9
8 3,20,28,37,45,59 45 9 5,6,13,17,32,41,57 5
11 51 51 12 33 33
13 5,6,9,17,32,41,54,57 5 16 14,20,33,37,38,50 38
18 15,20,21,24,29,45,51 24 22 17 17
24 14,15,18,29,45,51 51 31 17 17
32 9,13,60 9 33 12,14,16,21,34,37,38,40,43,50 21
35 29 29 37 8,14,16,21,33,34,36,37,40,45,61 21
38 14,16,20,33,43,44,52,58 16 41 1,9,13,54,57 9
48 57 57 51 4,11,18,21,23,24,29,45,50,55 4
55 15,51 51 56 5.6 5
57 5,6,9,13,17,39,41,48,54 5 58 38 38
60 32 32

3 EERET RS Y R AT R Gs OB T UM ED

Fig. 3 Subgraph Gs containing stable node set S and

extended nodes
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Fig. 4 Initial community partition result of Dolphins network
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Fig.5 Community partition result after similarity allocation
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Fig. 7 Experimental results of Karate network
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Fig. 8 Experimental results of Dolphins network
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Fig. 9 Experimental results of Polbooks network
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Table 4 Real network datasets

Dataset Number of nodes Number of edges
Karate 34 78
Dolphins 62 159
Les 77 254
Polbooks 105 441
Football 115 613
NetScience 379 914
Celegan 453 2025
Email 1133 5451
Polblogs 1490 16718
Yeast 2375 11693
Facebook 2888 2981
Power 4941 6594
PGP 10680 24316
Douban 154908 327162
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Table 5 Experimental results on real networks

LPA Walktrap Infomap BGLL LPA-S NSA NSNSA
K Q 0.3147 0.3532 0.4020 0.4074 0. 369 0.3541 0.3744

aratre
NMI 0.6296 0.5041 0.6994 0.6021 0.9426 0.7209 0.8864
Q 0.4920 0.4888 0.5158 0.5202 0.4373 0.4532 0.5126

Dolphins
NMI 0.5259 0.5372 0.5563 0.5162 0.6820 0.6994 0.7059
Q 0.3801 0.5069 0.5267 0.5210 0.4971 0.4674 0.5162

Polbooks
NMI 0.5186 0.5427 0.4934 0.5219 0.5543 0.5955 0.6209
Q 0.5819 0.6029 0.5902 0.6037 0.5291 - 0.6046

Football
NMI 0.8725 0.8873 0.8801 0.8740 0.8406 - 0.8919
Q 0.3921 0.3477 0.0301 0.3361 0.3877 0.4260 0.4245

Polblogs
NMI 0.3046 0.3230 0.1648 0.3125 0.2893 0.3405 0.3371
Les Q 0.5025 0.4024 0.4427 0.4486 0.4458 0.5168 0.5439
NetScience Q 0.7449 0.8146 0.7892 0.8255 0.7537 0.7873 0.8381
Email Q 0.3492 0.4138 0.4798 0.4892 0.3458 0.4555 0.5267
Yeast Q 0.6639 0.6445 0.5269 0.7291 0.5723 0.5897 0.6955
Celegan Q 0.1310 0.1297 0.2831 0.3183 0.2415 0.3228 0.3669
Facebook Q 0.7943 0.6217 0.7900 0.8047 0.3478 0.7937 0.7698
Power Q 0.5954 0.8191 0.8152 0.9309 - 0.6205 0.6361
PGP Q 0.7314 0.7758 0.7968 0.8695 0.4324 0.7406 0.7125
Douban Q 0.4431 — 0.4871 — - 0.4634 0.5361
Average 0.5246 0.5397 0.5405 0.5906 0.5099 0.5498 0.6053

5.5 BEMIRER ZEMBL RS I EE R, W LLE M, AU NSNSA 7R K2

6 7 h T NSNSA 5%k 5 LPA F1 LPA-S 55w M 8%

R 45 1T L1 B 095 30 26
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Table 6 Comparison of experimental results on stability
Karate Dolphins Les Polbooks NetScience Celegan Email Polblogs  Facebook Power PGP Douban
LPA 0.00229 0.00112 0.00259 0.00069 0.00021 0.00185 0.01806 0.01562 0.00000 0.00002 0.00008 0.00269
LPA-S 0.00009 0. 005 86 0.00048 0.00041 0.004 24 0.00827 0.00040 - - - - -
NSNSA  0.00066 0.00046 0.00015 0.00016 0.00013 0.00158 0.00051 0.00000 0.00000 0.00000 0.00005 0.00000
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