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Fig. 1. An example of SSAM model for temporal network.
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Table 1. Eigenvector centrality of nodes in temporal network of Fig. 1.
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Table 2. Basic statistical features of Workspace and

Enrons networks.
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Fig. 2. Results of Kendall’s 7 for eigenvector centrality
and difference of temporal global efficiency: (a) result
for Workspace by SSAM method and SAM method;
(b) result for Enrons by SSAM method and SAM
method.
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Abstract

Measuring node centrality is important for a wealth of applications, such as influential people identification, in-
formation promotion and traffic congestion prevention. Although there are many researches of node centrality proved,
most of them have assumed that networks are static. However, many networks in our real life are dynamic, and the
edges will appear or disappear over time. Temporal network could describe the interaction order and relationship among
network nodes more accurately. It is of more important theoretical and more practical significance to construct proper
temporal network model and identify vital nodes. In this paper, by taking into account the coupling strength between
different network layers, we present a method, namely similarity-based supra-adjacency matrix (SSAM) method, to
represent temporal network and further measure node importance. For a temporal network with N nodes and T layers,
the SSAM is a matrix of size NT x NT with a collection of both intra-layer relationship and inter-layer relationship.
We restrict our attention to inter-layer coupling. Regarding the traditional method of measuring the node similarity of
nearest-neighbor layers as one constant value, the neighbor topological overlap information is used to measure the node
similarity for the nearest-neighbor layers, which ensures that the couplings of different nodes of inter-layer relationship
are different. We then compute the node importance for temporal network based on eigenvector centrality, the dominant
eigenvector of similarity-based supra-adjacency matrix, which indicates not only the node ’s importance in layer ¢ but
also the changing trajectory of the node ¢’s importance across the time. To evaluate the ranking effect of node importance
obtained by eigenvector-based centrality, we also study the network robustness and calculate the difference of temporal
global efficiency with node deletion approach in this work. In order to compare with the traditional method, we measure
the node ranking effect of different time layers by the Kendall rank correlation coefficient of eigenvector centrality and
the difference of temporal global efficiency. According to the empirical results on the workspace and Enrons datasets
for both SSAM method and tradition method, the SSAM method with neighbor topological overlap information, which
takes into account the inter-layer similarity, can effectively avoid overestimating or underestimating the importance of
nodes compared with traditional method with one constant value. Furthermore, the experiments for the two datasets
show that the average Kendall’s 7 could be improved by 17.72% and 12.44% for each layer network, which indicates that
the node similarity for different layers is significant to construct temporal network and measure the node importance in

temporal network.

Keywords: temporal network, inter-layer similarity, eigenvector-based centrality, temporal global

efficiency
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