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Abstract Betweenness centrality (BC) is a widely used indicator to measure the importance of
network vertices. Currently the fastest time complexity of the algorithm is O (V X E). When
computing the BC of vertices in networks, we need to do n times searches of single source shortest
path. In big data era, networks have more nodes and edges, and the amount of calculation of BC
algorithm is large. The huge amount of calculation makes the algorithm need a long time to compute
each vertices’ BC value, and the algorithm cannot be applied in practice. The related work focuses on
approximation to reduce the running time of BC algorithm, but they also can not reduce the amount of
calculation of BC algorithm significantly. In order to further reduce the amount of the calculation of
BC algorithm, we propose a vertex weighted approximation algorithm to reduce the amount of
calculation of BC algorithm, and the algorithm can make the calculation process be repeated many
times to accumulate on a calculation by vertex weighted and select high-impact vertex as source to
compute BC. We can reduce the amount of calculation significantly in this way, and meet the
requirement of lower error rate and high performance. The approximation algorithm of BC based on

vertex weighted can achieve 25 times speedup, and the error rate is lower than percentage of 0. 01.

Key words betweenness centrality (BC) algorithm; calculation; influence; vertex weighted; approximation
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Fig. 1 Power-law degree distribution.
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if(u!=s5),then BC(uw) +=(1+k) X5(w);
if(u==5) ,then BC(s) +=£k X5(s).

Fig. 2 Scale free network.

K2 TR M4 &l

&

@®BFS |® Reverse BFS

é o é "
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Table 1 The Number of Inversions Between Vertex Weighted

and Vertex Unweighted
F 1 MAMRAE XA TG0 55 R B X #xd bt

Graph Vertex Weighted Vertex Unweighted
p2p-Gnutella31 13 364
Slashdot0811 2 2
Email-EuAll 1 54
Web-Google 3 5
Wiki-Talk 0 8
Average 3.8 86
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Fig. 5 The comparsion of influence between high-
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Table 2 The Number of Inversions Between High-degree
Sources and Low-degree Sources

®2 SIUSEMRENSAERERGESE RSB

Graph High-degree Low-degree
p2p-Gnutella31 8899 11150
Slashdot0811 11 26 386
Email-EuAll 60 199
Web-Google 2427 8343
Wiki-Talk 44 7842
Average 2288 10784
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(a) Example of approximation algorithm

The computing of the weighted value £ of source s:
Input: Graph G(V,E) ,sources_set;
Output: the weighted value % of source s.
@ Function count_k()
@ for each source s in source_set do
® for each inside v of s do
@ if (v is not in source_set) then
® kLs]++5
© end if
@) end for
® end for
© return k.

(b) The phase of computing source s’ value of

The computing of BC:

Input: Graph G(V,E) ,sources_set k
Output: vertices’ BC
@ Function BetweennessCentrality()

@  for each source s in source_set do

® BFS(s)

(@) delta—>backward_accumulation() ;
® for each vertex v in Graph G do
©® if v!=s5 then

@ BC(v) +=(1+£k[s]) Xdeltal v];
® else

© BC(s)+=*k[s]Xdeltal s];

() end if

(D) end for

@ end for

@ return BC.

(¢) The phase of computing BC

Fig. 6 The approximation algorithm of betweenness centrality based on vertex-weighted and example.
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Table 3 The Figure of Test Data Sets
F3 MR ESE

Graph Type Nodes Edges File Sizes/MB Description
p2p-Gnutella31£27] Directed 6.2X10* 1.4X10° 1 Network of Gnutella
Email-EuAllL28] Directed 2.7X10° 4,2X10° 4.8 Email Network of Europe
Slashdot0811L7] Directed 7.7X10* 9.1X10° 11 Sociol Network in 2008
Web-Googlel29 Directed 8.8X10° 5.1X10° 65 Google Network
Wiki-TalkC30 Directed 2X106 5X10° 96 The Users of Wiki
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Table 4 Random Approximation Algorithm and Vertex Weighted Approximation Algorithm for

Comparing the Results of the Number of Inversions

B LA DL B 3 5 TOL N AL B 3% 45 SR 3 X B3 L

Graph Algorithm topl top5 topl0 top20 top30 top50 topl00 Whole Graph
Random 0 1 2 9 24 79 277 180625 394
p2p-Gnutella31
Vertex Weighted 0 1 3 18 37 130 378 218778897
Random 0 0 2 8 34 71 407 64427990
Slashdot0811
Vertex Weighted 0 0 2 13 36 143 636 53794370
Random 0 0 4 6 13 56 324 2294470
Email-EuAll
Vertex Weighted 0 0 3 11 19 32 193 1003273
Random 0 1 32 80 224 413 3602 6481989490
Web-Google
Vertex Weighted 0 0 1 10 70 218 482 8057923377
Random 0 0 0 2 7 24 121 180625394
Wiki-Talk
Vertex Weighted 0 0 0 7 12 37 131 218778897
Random 0 0.4 8 21 60. 4 128.6 946. 2 1346777529
Average
Vertex Weighted 0 0.2 1. 12.2 34. 8 112 364 1667335782
Table 5 Random Approximation Algorithm and Vertex Weighted Approximation Algorithm for
Comparing the Results of the Percentage of Inversions
x5 HHEMEEEMAMBUEMNEZEREF TN EITLE
Graph Algorithm topl topb topl0 top20 top30 top50 topl00
Random 0 0.0003 0.0003 0.0007 0.001 0.003 0. 004
p2p-Gnutella31
Vertex Weighted 0 0.0003 0.0005 0.001 0.002 0. 004 0. 006
Random 0 0 0. 0003 0. 0005 0.001 0.002 0. 005
Slashdot0811
Vertex Weighted 0 0 0.0003 0.0008 0.002 0. 004 0.008
Random 0 0 0.0002 0.0001 0.0002 0.0004 0.001
Email-EuAll
Vertex Weighted 0 0 0.0001 0.0002 0.0002 0.0002 0.0007
Random 0 0.00002 0.00003 0.0005 0.0009 0.0009 0. 004
Web-Google
Vertex Weighted 0 0 0.00001 0.00006 0.0003 0.0005 0. 0006
Random 0 0 0 0. 000 004 0.00001 0.00002 0. 00005
Wiki-Talk
Vertex Weighted 0 0 0 0.00002 0.00002 0.00003 0. 00006
Random 0 0. 00006 0.0002 0.000 4 0. 0006 0.0013 0.002
Average
Vertex Weighted 0 0. 00006 0.0002 0. 000 6 0.0009 0.0018 0.003
3.3.2  teremliXgs

The Set Covering Rate/%

Fig. 7
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Table 6 Random Approximation Algorithm and Vertex Weighted Approximation Algorithm for Comparing
the Results of Performance
6 BEHUUE % 5 0 A 006 U % M B 3T b
Graph Running Time/s Speedup of Speedup of Vertex

BC Algorithm Random Vertex Weighted Random Weighted
p2p-Gnutella31 10 58 32 1.79 3.25
Slashdot0811 846.53 500 23 1.69 36.78
Email-EuAll 1826 1450 47 1.26 38. 85
Web-Google 69 744. 37 30423 2158 2.29 32.32
Wiki-Talk 90496 81311 6086 1.11 14.87
Average 32603 22748.4 1669 1.6 25.12

Notes: speedup of random is BC running time/random running time; speedup of vertex weighted is BC running time/vertex weighted
p p g g p p g g g

running time.
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Fig. 8 Approximation algorithm speedup.
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