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h i g h l i g h t s

• We utilize nodes’ roles to describe differences of nodes in the dynamics.
• According to the behavior differences in dynamics, three roles (Leader, Communicator and Member) are given in advance and they are

easier to comprehend and apply into practice.
• Based on community entropy, a fast time saving and unsupervised learning approach is proposed to extract nodes’ roles just from

network connections.
• Communicator nodes are utilized as pinning nodes and the controllability is enhanced remarkably in networks with strong community

structure.
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a b s t r a c t

Given a large network, dynamics of the network are determinedbybothnodes’ features and
network connections. Some features could be extracted from node labels and other kinds
of priori knowledge. But how to perform the feature classificationwithout priori knowledge
is a challenge. This paper addresses the key problem: how do we conduct role extraction
in networks with only edge connections known? On the basis of behavior differences in
dynamics, nodes are classified into three role groups: Leaders(L), Communicators(C) and
Members(M). Unlike traditional community detections, we detect overlapping communi-
ties by link clustering first and then classify nodes according to the community entropy,
which describes the disorder of how many different communities a node connects to. We
propose a time saving and unsupervised learning approach for automatically discovering
nodes’ roles based solely on network topology. The effectiveness of this method is demon-
strated on six real-world networks through pinning control. By controlling communicator
nodes, the controllability is enhanced and the cost for control is reduced obviously in net-
works with strong community structure.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Given a network with only edge connections known, how to capture nodes’ dynamical differences (e.g. synchronization,
diffusion and information navigation) is an attractive field [1,2]. In the dynamics, a small fraction of nodes dramatically in-
fluence the dynamics [3,4]. Thus, finding those important nodes helps understand the mechanism of dynamics. Many real
networks follow scale-free (power-law) similar degree distribution [5] and nodeswith high degree play an important role in
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Fig. 1. An artificial network that demonstrates the difference of roles. Leader nodes (L) and Communicator nodes (C) are depicted in the network. Unlabeled
nodes are periphery nodes (member).

scale-freemodel networks [6], where scale-freemodel networks follow power-law degree distribution, but the connections
are completely random. So conventional wisdom suggests that high degree nodes are the key nodes. But recent study finds
that some low degree nodes also act as key nodes and many works have concerned on identifying those influential nodes
[3,7]. Though practical networks follow scale-free similar degree distribution, they also reveal community structure, assor-
tative mixing pattern, hierarchical organization and so on Refs. [8–14], which influence deeply on the dynamics [3,15–18].
Thus, research about complex networks attracts scientists from multiple disciplines and a large number of methods have
been proposed to analyze the relations between the structure and dynamics of networks [8–11]. Among those methods,
Page-Rank, random walk and other machine learning methods detect influential nodes well in specific kinds of networks,
but not appropriate for all cases [19,20]. Those methods usually optimize an objective function to identify the key nodes [9].
However, it is difficult to determine the optimal objective function and previous functions fail in some networks [9,21].

In practical organizations, somenodes take charge of information exchange in the same community; someare responsible
for communication across different communities. Further, inner communication is much stronger than communication
across different groups. Based on the idea, Arenas et al. found networks first reach local synchronization (nodes in the same
communities reach the same state first), and then collective synchronization (all nodes reach the same state) [15]. Jesús et al.
studied synchronization paths and found synchronization paths varied in networkswith different community structure [22].
Wang et al. investigated pinning control in scale-freemodel networks and found that large-degree selection performs better
than random selection [4]. But in real-world networks, multiple large degree nodes performs badly in the spreading process
due to overlapping influence of the nodes [3]. Thus, we need to explore the dynamical differences for each nodes. Since
the dynamical difference could be distinguished by nodes’ roles, we could investigate the dynamical differences from the
perspective of nodes’ roles. But nodes’ roles are inaccessible without priori knowledge. So determining the underlying roles
provide an easy access to comprehend the dynamics.

In our framework, inspired by practical social organization [1], we classify nodes into three kinds of roles: Leader (L),
Communicator (C), Member (M, peripheral nodes in communities). Practical organizations are usually made up of groups
(communities) and each group has several principals (i.e. Leader). Principals mainly take charge of the inner communication
in the same group and some special people are in charge of communication across different groups. For example, in the
synchronization paths, principals take the role of Leader and nodes who are in charge of communication across different
groups take the role of Communicator. The other nodes areMembers (peripheral nodes). Leader nodes promote information
exchange extensively in the same community, which results in local synchronization. While communicator nodes benefit
information spreading across the whole networks that leads to collective synchronization. As Fig. 1 shows, nodes 3 and 12
act as leaders in communities and mainly take charge of communication in the communities. Nodes 4, 5, 6 and 7 are mainly
responsible for information transfer among different communities and become communicators. The remaining nodes are
peripheral nodes. Fig. 1 shows that leader nodes mainly links to nodes within the same community, while communicator
nodes mainly connects to different communities. Inspired by the phenomenon, we first detect overlapping communities,
and then distinguish nodes’ roles according to their connections to different communities. To verify the efficiency of role
extraction, the communicator nodes,which bridgemultiple communities and exert great influence on information exchange
across different communities (influential bridge nodes), are chosen as driver nodes in pinning control. Those driver nodes
achieve better controllability than that of conventional large-degree selection in networkswith strong community structure,
but much lower cost, which demonstrates the effectiveness of our proposed method.

The rest of the paper is organized as follows: In Section 2, role extractionmethod is introduced first. Then, in Section 3, we
apply the proposed method into six real-world networks and extract roles for nodes; later, the communicators are selected
as driver nodes in pinning control which performs better than that of large-degree selection. The conclusion is given at last.
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