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Local Information—based Betweenness Centrality to Identify
Important Nodes in Social Networks

Jin Gon Shon' - Yong-hwan Kim"™ - Youn-Hee Han™

ABSTRACT

In traditional social network analysis, the betweenness centrality measure has been heavily used to identify the relative importance of
nodes in terms of message deliverv. Since the time complexity to calculate the betweenness centrality is very high, however, it is difficult
to get it of each node in large-scale social network where there are so many nodes and edges. In this paper, we define a new type of
network, called the expanded ego network, which is built only with each node's local information, i.e., neighbor information of the node's
neighbor nodes, and also define a new measure, called the expended ego betweenness centrality. Through the intensive experiment with
Barabasi-Albert network model to generate the scale-free networks which most social networks have as their embedded feature, we also
show that the nodes’ importance rank based on the expanded ego betweenness centrality has high similarity with that based on the

traditional betweenness centrality.
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D. 2-order Ego Network, §277

E. Expanded ego network, X

Fig. 1. A given network and the node v-'s neighbor, ego, 2-order ego, and expanded ego networks
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Table 1. Comparison of 1) Betweenness Centrality, 2) Ego Betweenness Centrality, and 3) Expanded Ego Betweenness Centrality
for the given network of Fig. 1

0 1 2 3 4 5 6 7 8 9 10 | 1 12
Bebweenness Value | 0.00 | 016 | 000 | 003 | 013 | 021 | 037 | 053 | 025 | 012 | 017 | 000 | 000
Centrality Rank | 10 6 10 9 7 4 2 1 3 8 5 10 | 10
Ego Betweenness | Value | 000 | 100 | 000 | 016 | 033 | 033 | 058 | 066 | 033 | 016 | 058 | 000 | 000
Centrality Rank 9 1 9 8 5 5 3 2 5 8 3 9 9
Expanded Ego Value | 000 | 040 | 000 | 010 | 027 | 026 | 047 | 055 | 030 | 0.14 | 045 | 000 | 0.00
Betweenness
Centrality Rank | 10 4 10 9 6 7 2 1 5 8 3 10 10
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Fig. 2. An inspected network sample (Barabasi-Albert
network with clustering, n =50, A=1, p, =0.1)
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Table 2. Experimental results
(Avg. Corr. = Average Correlation, S.D. = Standard Deviation)
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