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Abstract: Most community detection methods are aiming at solving undirected and unweighted
datasets. However, datasets are often directed and weighted with noise in real world. In order
to process noisy and directed weighted community detection, a method based on nonnegative
matrix factorization (NMF) is proposed. In the algorithm, wavelet threshold denoising is used
to denoise the social network datasets. And the community structure is abtained by community
detection through NMF. Simulations show the proposed method is more effective,i. e. for Les-
mis dataset when SNR is 15, the accuracy of dividing community is 96 % and the modularity of
the method is improved by 29%. The proposed method is more applicable than other commu-
nity detection methods for directed weighted datasets with noise.
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Fig. 1 Original simulated data
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Fig. 2 Simulated data with noise
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Table 4 Misclassification rate of algorithms on Lesmis and neural network dataset
SNR Lesmis Neural network
REBE NEER 1L W2 RER O DMEER O E1PH HE2p
20 64 45 5 0 48 23 7 0
15 70 56 8 4 75 30 6 3
10 58 45 7 18 77 40 6 8
5 68 35 6 16 92 38 4 13
4 65 36 7 15 86 47 9 16
3 70 43 10 18 77 40 12 19
&R 5 EiX1E Lesmis 1 Neural network {545 FRIEREE (Q)
Table 5 Modularity of algorithms on Lesmis and Neural network dataset
SNR Lesmis Neural Network
REBE NEEWR O HIL W2 RER O DNEER F1H H2p
20 0.298 2 0.258 1 0.301 6 0.484 7 0.273 9 0.274 3 0.303 6 0.452 5
15 0.2417 0.253 3 0.308 7 0.312 0 0.262 7 0.2711 0.270 0 0.347 8
10 0.257 4 0.259 2 0.301 2 0.292 3 0.212 3 0.237 1 0.372 8 0.302 2
5 0.277 6 0.287 5 0.3321 0.312 3 0.252 3 0.263 4 0.362 9 0.284 6
4 0.245 4 0.267 8 0.311 5 0.245 4 0.285 4 0.277 0 0.301 3 0.245 4
3 0.219 3 0.227 4 0.307 3 0.242 1 0.229 3 0.237 4 0.317 7 0.251 2
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Table 6 Running time of algorithms on Lesmis and Neural network dataset

SNR Lesmis Neural network

REME NERE E1E W2 REM PR W1E O H2H
20 0.1749  0.2007  0.2242 0.2943 2.3821 2.4111 2.9290  3.126 2
15 0.1932 0.2312 0.2872 0.3798  2.3922  2.4623  2.8078  3.879 4
10 0.1823 0.2159  0.3519 0.4241 2.2180 2.7194  3.3764  4.016 3
5 0.2628 0.3023 0.3672 0.3910 2.7100 2.9900  3.2780  4.184 7
4 0.2500 0.2733 0.3422  0.3987  2.8292 2.9835  3.4220  4.3870
3 0.3146  0.3899 0.4034  0.4265 3.0191 3.1746  3.5324  4.5265
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