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Community discovery method based on stable label propagation

ZHANG Xin, LIU Bingquan, WANG Xiaolong

(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

Abstract; In order to improve the stability of label propagation algorithm and reduce the randomness which causes
difference in the results of community discovery, labels initialization, random nodes queues setting and labels
random selection are improved respectively, and a stable label propagation method for community discovery is
proposed. This method first initializes labels by searching for non-overlapping triangles in the networks, and then
forms nodes queues based on labels entropy and random sorted nodes in the sub queues. At last, this method
chooses labels for each node by the distribution of adjacent nodes labels. Experimental results shows that, stability
indexes and quality indexes of our method are higher than other methods’ on three social networks—Zachary’ s
Karate club, dolphin social network and American College football. Community discovery based on stable label
propagation method not only maintains the advantages of label propagation algorithm, but also improves the quality
and stability of community discovery results.
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B ABHEEAERE AdjacentMatrix , 73 £ 4 Verti-
ceNum, 7 S &P JEHE S Neighbor.

B ARZEEUH Community.

for i «<—to VerticeNum Do
isVisited [ 1] < False;
c=0;
for i <=0 to VerticeNum Do
for j «— 0 to Neighbor [ i]. size Do
for k «<— 0 to Neighbor [j]. size Do
if AdjacentMatrix [£][i] =1 and is-
Visited [ i\j\k] = False then
Community [ i\j\k] «<—c;
isVisited [ i\j\k] «— True;
c t++;
for i <—to VerticeNum Do
if isVisited [ 1| «— False;
Community [i] «<—c;
isVisited [ 7] «— True;

return Community ;
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Fig.1 Label initialization on non—overlapping triangles
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i AP RE AdjacentMatrix , 73 £ 14U Verti-
ceNum , Fr& %4 Community.

fii - T AR S AR R FEAILBA S Ssort.

for i <=0 to VerticeNum Do
FindNeighbor (i, AdjacentMatrix , NeighBor)
for j «— 0 to Neighbor.size Do
labelNum[ Community[ Neighbor [j]]] ++;
for £ <=0 to Neighbor.size Do
pl«—labelNum [ k]/ ( Neighbor. size ( ) +
1.0);
Ssort [i]. S +=—pl *log(pl) ;
gsort( Ssort )
RandomSort ( Ssort, VerticeNum/3) ;
RandomSort ( Ssort + VerticeNum/3, Vertice-
Num/3 #2);
RandomSort ( Ssort+ ( VerticeNum/3) * 2, Ver-
ticeNum) ;
return Ssort ;
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VectorFrequency ( Neighbor [ i ], label) ;
if label.size( ) = 1 then
Community [ i] < label[ 0] ;
else then
for j <= 0 to label.size Do
LabelFrequency (label [j], freqmax) ;
if freqmax.size=1 then
Community [ i] < freqmax[ 0].label;
else then
Community [ ] «— freqmax[ random ] label
return Community ;
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Tab.1 Basic data of test networks
Karate 34 78
Dolphins 62 159
Football 115 616
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Tab.2  Comparison of the results in Karate network among RAK, LPA-E and our method

RAK J5i% LPA-E Kk Ay
SRS
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1 83.823 86.764 97.058 92.647 94.234 95308 96.132  100.00 92.298 95.308 93.443  100.00
2 0.554 91.176  86.764 91.176 0.893 91.041 93.443 94.234 0.881 91.041 94.346  92.298
3 0.627  0.708 89.705 94.117 0.902  0.881 95.308  95.308 0.902 0912 96.132  95.308
4 0.881 0.609  0.695 89.705 0.923 0912  0.932 96.132 0.923  0.893  0.923 93.443
5 0.818 0.710  0.790  0.727 1.000  0.893  0.902  0.923 1.000  0.881 0.902  0.923
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Tab.3  Comparison of the results in Dolphins network among RAK, LPA-E and our method
RAK J5k LPA-E J5tk ATk
RS
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1 89.405 93.536 86.543 91.034 92.540 91.034 89.405 93.536 93.536  90.405 88.506 94.619
2 0.650 86.543  90.405 84.305 0.704 86.543 85.983 88.506 0.720 89.405 86.543 85.983
3 0.720  0.790 88.506 85.983 0.740  0.783 89.405 91.034 0.734 0.778 90.405  92.540
4 0.690  0.668 0.803 83.504 0.832  0.790 0.734 90.405 0.778 0.813 0.720 91.034
5 0.753 0.679  0.778 0.765 0.778 0.803 0.813 0.753 0.884  0.832  0.720  0.740
&4 RAK J7i& LPA-E 77 A X F7 A 7E Football W4 Fit K % MEER L
Tab.4 Comparison of the results in Football network among RAK, LPA-E and our method
RAK Jrik LPA-E J5i% RIT7 i
LR
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
1 91.304 92.173  90.000 92.647 91.424 94.442 93.142 95.336 92.243  95.635 92.654 95.423
2 0.729 89.565 84.782 91.176 0.831 86.425 91.424 89.453 0.854 90.312  94.324  90.359
3 0.697 0.622 83.919 94.117 0.803 0.754 88.423  86.425 0.840  0.831 87.423  89.553
4 0.657 0.590  0.521 89.705 0.840  0.772 0.793 90.443 0.829 0.803 0.829 94.649
5 0.758 0.678 0.587 0.847 0.831 0.803 0.813 0.829 0.793 0.789  0.840  0.854
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Tab.5 Average value of jaccard’s index with 100 trails

G RAK U5k LPA-EJrik AT
Karate 0.609 0.903 0.893
Dophins 0.634 0.784 0.798
Football 0.650 0.818 0.831

1 Dophins 1 Football W 2% i1 , ARSI
Jiceard s index PR - 1 5% = 3 7E Karate [ 2% 1,
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Sy HTiE BGX R R AR Geit TR IR A A S
=FATEECF, FVhR 2% 195 I 18 21 4B 4 55 e 2 80
FRAEANME— B F, , ARSI BT A SC 1.1 15 v btk
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6 fin.
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Tab.6  Average value of non-overlapping triangles and number

of maximum label not unique with 100 trials

g 4 F, Fy
Karate 4 6
Dophins 11 21
Football 31 11
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ANEICRIRR 25 7 1o 388 1) Q0 B iU b Z RO AR AN —
HITRECEREL /T Dophins F1 Football 2% H it~ %5 Rl
YRBL, IX AR SC 1.1 15 Rl i fn 1.3 7 et
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IR X R LA R Q R, 45 2R
27 K.

R7 100 IR RILERE Q AHTHE

Tab.7  Average value of Q function of community discovery with

100 trails
ZES RAK J7#% LPA-E 77k A7
Karate 0.367 0.375 0.384
Dophins 0.425 0.445 0.449
Football 0.460 0.478 0.482
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