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Abstract Aiming at the problem of community discovery in relational networks,considering the strength of interaction between
nodes and information seepage mechanism,an edge weight and connected component (EWCC) community discovery algorithm
based on edge weight and connected branches is innovatively proposed. In order to verify effectiveness of the algorithm, firstly,
five kinds of interactive two-layer network models are constructed. By analyzing influence of interaction degree of nodes between
layers on the network topology.30 data sets generated under five kinds of two-layer network models are determined. Secondly, the
real data set is selected to compare with GN algorithm and KL algorithm in the evaluation criteria of modularity,algorithm com-
plexity and community division number. Experimental results show that EWCC algorithm has high accuracy. Then,the numerical
simulation shows that with the weakening of interaction relationship between layers,the module degree is inversely proportional
to number of communities,and the community division effect is better when node relationship between layers is weaker. Finally,
as an application of the algorithm,the “user-APP” two-layer network is constructed based on empirical data,and the community
is divided.
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Table 7 Comparison of results of each algorithm on BE network

bap GN KL EWCC . EWCL?,
H XA #
0.01  0.40646437  0.41069590  0.66266877 190
0.1 0.18632718  0.18432575  0.28083750 258
0.3 0.09918201  0.09853637  0.16032500 281
0.5 0.06565291  0.06599381  0.11505274 257
0.7 0.04400347  0.04205512  0.10611303 288
0.9 0.02197659  0.02233399  0.08842866 285
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(2) WEs B 2% F1 EEs % 2% (% 4 [X. %1 43
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Table 8 Comparison of results of each algorithm on WEg network

P Pap GN KL EWCC . EWC(?,

! R A
0.01 0.01 0.56068390  0.56274467  0.57085400 17
0.1 0.1 0.20280807  0.20157447  0.29779404 246
0.3 0.3 0.10387315  0.09828796  0.16230647 254
0.5 0.5 0.06710955  0.06670749  0.12500000 291
0.7 0.7 0.04263084  0.04218448  0.10956790 293
0.9 0.9 0.02177733  0.02138285  0.08906525 286

# 9 KB EEsW4 LIS R

Table 9 Comparison of results of each algorithm on EEg network

P Pug GN KL EWCC . E\,A/C(i

! R A
0.01 0.01 0.63020522  0.64163316  0.78780718 254
0.1 0.1 0.14445123  0.14462937  0.27160493 287
0.3 0.3 0.07170516  0.07106200  0.11568887 227
0.5 0.5 0.04303637  0.04291866  0.07451255 252
0.7 0.7 0.02939252  0.04218448  0.10956790 293
0.9 0.9 0.01259126  0.02138285  0.08906525 286
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Table 10 Comparison of results of each algorithm on WEp network

b Pup GN KL EWCC . EWC(L

#H XA %
0.01 0.99 0.01031966  0.01035938  0.09183673 288
0.1 0.9 0.02215378  0.02190977  0.12204081 290
0.3 0.7 0.04334748  0.04323163  0.13223140 292
0.5 0.5 0.06710955  0.06670749  0.12500000 291
0.7 0.3 0.10311530  0.09747483  0.16060803 261
0.9 0.1 0.19561284  0.20896670  0.29708636 270

F 11 BHUEALE EEp ML LR M L

Table 11  Comparison of results of each algorithm on EEp network

. . EWCC

P Py GN KL EWCC EEAK
0.01 0.99 0.00793221  0.00815821  0.07660590 288
0.1 0.9 0.02914093  0.02569671  0.07529843 287
0.3 0.7 0.04185155  0.04266255  0.07209508 257
0.5 0.5 0.04303637  0.04291866  0.07451255 252
0.7 0.3 0.19911741  0.19911741  0.19978715 12
0.9 0.1 0.39957150  0.39957150  0.39970896 4
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Table 12 Comparison of results of each algorithm on “user-APP”

empirical network
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Fig. 7 Running results of EWCC algorithm on empirical network
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