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Measurement of graphs similarity using graph centralities

Tae-Soo Cho*, Chi-Geun Han*, Sang-Hoon Lee*

Abstract

In this paper, a method to measure similarity between two graphs is proposed, which

centralities of the graphs. The similarity between two graphs G; and G, is defined by the
difference of distance(G,, Gp) and distance(G,, Gp), where Gp and Gp are set of random
graphs that have the same number of nodes and edges as G; and G, respectively. Each distance
(G«, Gp) is obtained by comparing centralities of G« and Gp . Through the computational

experiments, we show that it iS possible to compare graphs regardless of the number of vertices or

edges of the graphs. Also, it is possible to identify and classify the properties of the graphs by

measuring and comparing similarities between two graphs.
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Fig. 1. Centrality example graph
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1.3 Degree Centrality (DC)
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Table 1. Each vertex centrality in Fig. 1

Node Number 1 2 3 4 5 6
Betweenness
0 4 8 4 0 0
Centrality
Closeness 0.38 | 0.56 | 0.71 | 0.56 | 0.45 | 0.38
Centrality
Degree
1 2 3 2 1 1
Centrality
Figenvector
0.37 | 0.71 1 0.71 0.52 | 0.37
Centrality
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[1l. Methods

1. Goodness of Fit Test
1.1 Goodness of Fit Test of Centrality
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Fig. 3. Centralities of graphs with specific properties
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1.2 Connected Random Graph
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2. Measuring Graph Similarity
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2.2 Flowchart and Pseudocode for Proposed Method
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function compGamma(G7, q)
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V. Conclusion
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