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Graph Sampling Algorithm Based on Representative Node Expansion to Maintain Community
Structure

HONG Yu',CHEN Hongchang® ,ZHANG Jianpeng? ., HUANG Ruiyang® and LI Shaomei®

1 College of Cyberspace Security,Zhengzhou University,Zhengzhou 450000, China

2 Institute of Information Technology,PLLA Strategic Support Force Information Engineering University,Zhengzhou 450000, China
Abstract Graph sampling is widely used in real life as a method to simplify large-scale graphs and retain specified properties.
However,most of the current research focuses on preserving node-level properties,such as degree distribution, while ignoring
more important information such as the community structure of graphs. To solve this problem,a graph sampling algorithm is pro-
posed to maintain the community structure. The algorithm is divided into two steps. The first step is to initialize the community
representative points,and the node importance is calculated according to the proposed node importance calculation formula,and
then the representative nodes of each community are selected. The second step is to expand the community structure. For each
community,it selects the node that can introduce the least additional neighbors to join the community until the upper limit of the
community node is reached. Comparative experiments are conducted on a number of real data sets,and multiple evaluation indica-
tors are adopted to evaluate the experimental results. Experimental results show that the proposed sampling algorithm can well

maintain the overall community structure, and provides a feasible solution for sampling community structure of large-scale

graphs.

Keywords Graph sampling,Community structure, Representative nodes, Expansion, Importance
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# 1 BUREHR
Table 1 Bataset description

datasets V| [E| Density

Football 115 613 0.094

Karate 34 78 0.139

Dolphin 62 159 0.084

Polblogs 1224 16718 0.022
Polbooks 105 141 0.08100
Dblp 93432 335520 0.00009
Friendster 220015 4031793 0.00017
LiveJournal 84438 1521988 0. 006 00
Orkut 731514 21992510 0.00008
Youtube 39841 224235 0.00030
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Table 2 Experiment results of small network
datasets GSRNCS MHRW RN CSE RW FF GraphSDH TLS-e TLS-i
NMI 0.895 0.739 0.692 0.664 0.499 0.541 0.503 0.526 0.543
ARI 0.908 0.735 0.586 0.479 0.237 0. 345 0. 370 0.374 0. 389
precision 0.966 0.750 0.937 0. 820 0.720 0.7992 0. 882 0. 826 0.909
Polbooks recall 0.426 0.418 0. 360 0.427 0. 480 0.397 0.301 0.252 0.332
frac 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
cov 0. 885 0.961 1. 000 0.971 0. 857 0.742 0.934 0.980 0. 885
modularity 0.574 0.487 0. 560 0. 446 0. 359 0.312 0.601 0.618 0.604
NMI 0. 886 0.921 0. 645 0.674 0.978 0.894 0.482 0. 481 0.548
ARI 0.942 0.957 0.737 0.637 0.991 0.953 0.513 0.434 0.618
precision 0.995 0. 881 0. 984 0. 946 0. 994 0.982 0.935 0. 905 0.959
Polblogs recall 0. 646 0.141 0.535 0. 144 0.145 0.093 0.285 0.257 0.308
frac 0.454 0. 250 0.495 0.416 0.333 0.272 0.439 0.467 0.502
cov 0.741 0.964 0.962 0.901 0.970 0.959 0.923 0.783 0.813
modularity 0.425 0.422 0.428 0.433 0.421 0.373 0.401 0.454 0.413
NMI 0.086 0.074 0.071 0.069 0.074 0.069 0.091 0.095 0.095
ARI 0.069 0.054 0.048 0.060 0.065 0.050 0.023 0. 050 0.050
precision 0.927 0.784 0.935 0. 800 0.705 0. 840 0.951 1. 000 1. 000
Dolphins recall 0.363 0.455 0. 369 0.410 0.452 0. 386 0.092 0.143 0.095
frac 1. 000 1. 000 1. 000 0.833 1.000 1. 000 1. 000 1. 000 1. 000
cov 0.925 0.903 0.903 0.822 0. 887 0.822 0. 837 0. 837 0.878
modularity 0.640 0.488 0.529 0.454 0.448 0.348 0.299 0.393 0.339
NMI 0. 694 1. 000 1. 000 0.711 0. 808 0.593 0.719 0.753 0.748
ARI 0.302 1. 000 1. 000 0.530 0.777 0. 349 0.599 0.625 0.607
precision 1. 000 1. 000 1. 000 0.833 0.878 0. 887 1. 000 1. 000 1. 000
Karate recall 0.228 0.498 0.570 0.398 0.409 0.376 0.319 0.413 0. 385
frac 0. 750 0. 750 1. 000 0.750 1. 000 0.750 0. 750 1. 000 1. 000
cov 0.705 0.941 1. 000 0.941 1. 000 0.941 0.941 1. 000 1. 000
modularity 0.455 0.379 0.398 0.363 0.322 0.268 0.425 0.442 0.443
NMI 1. 000 0.934 0.867 0. 890 0. 841 0.940 0. 831 1. 000 1. 000
ARI 1. 000 0. 886 0.631 0.784 0.715 0.892 0.765 1. 000 1. 000
precision 0. 888 0.878 0.776 0. 868 0.848 0.903 0.828 1. 000 1. 000
Football recall 0.510 0.503 0.510 0.438 0.5146 0.498 0.412 0.482 0.467
frac 1. 000 0.900 1. 000 1. 000 0.9000 0. 900 0. 900 1. 000 1. 000
cov 0. 886 0.947 1. 000 0.991 0.947 0.956 0.878 0.903 0. 946
modularity 0.679 0. 567 0.628 0.598 0. 634 0.551 0.508 0.631 0. 640




122

Computer Science IFHLEIZE  Vol. 51,No. 4, Apr. 2024

*3 RIS 45 R

Table 3 Experiment results of large network

datasets GSRNCS MHRW RN CSE RW FF GraphSDH TLS-e TLS-i
NMI 0.862 0.737 0.602 0.599 0. 740 0.697 0.791 0.786 0.834

ARI 0.078 0.068 0.065 0.058 0.070 0.074 0.047 0.039 0.053

precision 0.995 0. 859 0. 983 0.741 0.891 0.882 0. 643 0.637 0. 800

Youtube recall 0.094 0.095 0.093 0.087 0.097 0.087 0.067 0.119 0.102
frac 0.046 0.041 0.039 0.078 0.038 0.044 0. 040 0.043 0.045

cov 0. 754 0.665 0.559 0.584 0.722 0.736 0. 745 0.752 0.773

modularity 0.723 0.643 0.717 0.621 0.560 0.525 0. 401 0.556 0.453

NMI 0.722 0.632 0.712 0.526 0.642 0. 604 0.753 0.746 0.783

ARI 0. 009 0.023 0.036 0.023 0.036 0.038 0.025 0.008 0.034

precision 0.989 0.816 0. 889 0. 864 0.859 0.790 0. 836 0.916 0. 864

Dblp recall 0.154 0.026 0.098 0.016 0.023 0.021 0.115 0.112 0.125
[frac 0.921 0.255 0.791 0.264 0. 255 0. 264 0.832 0.892 0.903

cov 0.593 0.393 0.638 0.448 0. 449 0. 455 0.593 0.603 0.623

modularity 0.995 0.925 0.988 0. 870 0.877 0.843 0.734 0. 650 0.881

NMI 0.802 0.715 0. 481 0.723 0.761 0.729 0.765 0. 826 0.843

ARI 0.782 0.691 0.276 0.678 0.742 0. 680 0.097 0.126 0.219

precision 0.972 0. 730 0.969 0.812 0.766 0.819 0.614 0.695 0.741

Orkut recall 0.099 0.085 0.094 0.082 0.097 0.091 0.093 0.075 0.129
frac 0.843 0. 620 0.827 0.593 0.620 0.586 0.728 0.823 0.836

cov 0.923 0.819 0.775 0.902 0.858 0.903 0.901 0.913 0.918

modularity 0.763 0.672 0.705 0.673 0.683 0.696 0.667 0.707 0.791

NMI 0.961 0.827 0.877 0.854 0.842 0.858 0.953 0.963 0.982

ARI 0.924 0.378 0. 386 0.678 0.692 0.693 0.883 0.837 0.941

precision 0.967 0.933 0. 946 0.963 0.942 0.957 0.912 0.952 0.948

Livejournal recall 0.148 0.138 0.132 0.020 0.019 0.021 0.102 0.074 0.097
frac 0.102 0.072 0.073 0.098 0.096 0.097 0.092 0.101 0.093

cov 0.951 0.738 0. 860 0.334 0.328 0.336 0.342 0.724 0.924

modularity 0.903 0.937 0.981 0.874 0.867 0.868 0.897 0. 900 0.960

NMI 0.932 0.721 0.721 0.760 0.772 0.789 0. 885 0.922 0.947

ARI 0.642 0.372 0. 383 0.481 0.546 0.533 0.412 0. 258 0.606

precision 0.946 0.926 0.919 0.731 0.792 0.767 0.882 0.910 0.932

Friendster recall 0.175 0.143 0.128 0.12 0.123 0.135 0.114 0.125 0.152
frac 0.734 0.682 0.702 0.738 0.722 0.622 0.728 0. 743 0.762

cov 0. 884 0.913 0.902 0.769 0.583 0.589 0.902 0.892 0.921

modularity 0.939 0.891 0.908 0.882 0.876 0.878 0.543 0.766 0.904
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