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Abstract  As a typical model of the real world, the multi-relational network has become one of
hot topics in the field of network science. Identifying important nodes is one of the fundamental
problem of network analysis, which is essential to understand the structure and dynamic charac-
teristics of the complex networks. Lots of excellent studies carried on the importance of nodes in

a single-relational network, but the research on important nodes in multi-relational networks
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lacks systematic research. Trying to explore and extend the existing methods in single networks
to multi-relational networks has become one of the hot issues. For multi-relational networks, this
paper focused on the study of the identifying importance nodes considering the influence of
centrality and transitivity. We created the multilayer network model to describe a multi-relational
network and used the multilayer adjacency matrix to represent it. To quantify the transitivity in
multi-relational networks, we proposed a method for calculating the local clustering coefficient
according to the notion of clustering coefficient for multilayer networks. Ulteriorly, we proposed
multiplex ClusterRank combining the multiplex degree centrality and extending ClusterRank in
single-relational networks to multi-relational networks. Considering the influence of coupling
information and the difference of transmission mechanism for multi-relational network on vital
information of nodes, multiplex ClusterRank may have calculation errors in large-scale multi-
relational networks, which may affect the accuracy of measuring essential nodes. Therefore, in
this work we improved multiplex ClusterRank and proposed another more efficient method to
identify vital nodes for multi-relational networks named multiplex evidential centrality, which
fused the node degree centrality and local clustering coefficient by the Dempster-Shafer evidence
theory. Numerous experiments were carried out on four real networks. The proposed method is
evaluated from two aspects: robustness and vulnerability, transmission dynamics characteristics.
Experimental results show that multiplex evidential centrality can get better results than
multiplex degree centrality and multiplex eigenvector centrality which only focus on the structure of
multiplex networks and multiplex ClusterRank does have calculation errors in large-scale networks,
making it difficult to identify important nodes. The experimental results verified multiplex
evidential centrality can effectively eliminate the influence of the coupling information and the
transmission mechanism in multi-relational networks, and has lower time complexity than multiplex
ClusterRank. In this paper, we not only provide new ideas and methods for identifying critical
nodes for multi-relational networks but also expands the application of information fusion technology.
Keywords multi-relational network; multiplex network; important nodes; centrality; transitivity;

local clustering coefficient; evidence theory
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In recent years, the researches of identifying important
nodes are mainly based on single-relational networks. There
are already more complete and rich indicators and methods to
measure important nodes in single networks. According to
the local property, it can divide into three categories: global
centrality, local centrality, and semi-local centrality. Classical
methods of global centrality include closeness centrality (CC) ,
eigenvector centrality (EC) , and betweenness centrality (BC).
Degree Centrality (DC) is a typical method of local centrality.
In order to balance the complexity of global centrality and the
local centrality, semi-local centrality (SLC) is proposed to
measure the importance of nodes by considering the fourth-order
neighbor information of nodes while evidential semi-local
centrality (ESC) was based on the evidence theory. But both
measures focus on the centrality and ignore the critical role
of transitivity in essential nodes measurement. Chen et al.
proposed the ClusterRank considering the nearest neighbors
and the local clustering coefficient of a node comprehensively,
which is superior to the former one in terms of operational
efficiency and accuracy. However, A single network could
not satisfy the demand of accurately description about large
number of interconnected and interdependent complex systems.
Therefore, the study of Network of Networks (NoN) has
gradually become one of the hot topics in complex network
analysis. Multi-relational networks, as a typical category of
NoN, exist widely in the real world. In the study of node
importance, it is of great theoretical and practical significance
to explore and extend the existing methods in single networks
to multi-relational networks.

In this work, we focused on the study of identifying
important nodes for multi-relational networks. Firstly, we
created the multilayer network model to describe a multi-
relational network and used the multilayer adjacency matrix
to represent it. To quantify the transitivity for multi-relational
networks, we proposed a method for calculating the local
clustering coefficient according to the notion of clustering
coefficient for multilayer networks. Ulteriorly, we proposed

multiplex ClusterRank combining the multiplex degree

centrality and extending ClusterRank to multi-relational
networks. Considering the influence of coupling information
and the difference of transmission mechanism for multi-
relational network on vital information of nodes, multiplex
ClusterRank may have calculation errors in large-scale multi-
relational networks, which may affect the accuracy of measuring
essential nodes. Therefore, in this work we improved multiplex
ClusterRank and proposed another more efficient method to
identify vital nodes for multi-relational networks named
multiplex evidential centrality, which fused the node degree
centrality and local clustering coefficient by the Dempster-
Shafer evidence theory. Numerous experiments were carried
out on four real networks. The proposed method is evaluated
from two aspects: robustness and vulnerability, transmission
dynamics characteristics. Experimental results show that mul-
tiplex evidential centrality can get better results than multiplex
degree centrality and multiplex eigenvector centrality which
only focus on the structure of multiplex networks and multi-
plex ClusterRank does have calculation errors in large-scale
networks, making it difficult to identify important nodes.
The experimental results verified multiplex evidential centrality
can effectively eliminate the influence of the coupling informa-
tion and the transmission mechanism in multi-relational
networks, and has lower time complexity than multiplex
ClusterRank. In this paper, we not only provide new ideas
and methods for identifying critical nodes for multi-relational
networks but also expands the application of information
fusion technology.

In the further research of identifying important nodes,
we will focus on how to establish a reasonable model to
represent the network and design an effective method for
large-scale multi-relational networks.
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