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Abstract  Community discovery can help reveal the topological structures and the dynamic
characteristics of the real social networks. However, most community discovery algorithms are
designed for static social networks, while in most real social networks, the community structures
of networks change dynamically. For community discovery in dynamic social networks, existing
algorithms are based on the assumption that the community structures of dynamic networks evolve
smoothly, and therefore cannot deal with the sudden events of emergence and extinction of
communities during the evolution of dynamic social networks. To address the aforementioned
issue of discovering community structures effectively and efficiently in large-scale dynamic social
networks, this paper presents a novel community representation model called Follow-Community

model, which represents the following relationships among neighbors. In the Follow-Community
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model, the community is represented by nodes with different roles and the following relationships
among the nodes. By finding the direct or indirect following relationships among nodes, the
collection of nodes that follow the same leader can be partitioned into one community. Based on the
Follow-Community model, a Neighborhood Following Algorithm (NFA) with nearly linear time
complexity is proposed to discover community structures in static social networks by just traver-
sing the node set only once. Furthermore, an extended algorithm of NFA, named incremental
Neighborhood Following Algorithm (iNFA), is also proposed. By updating the neighborhood
following relationships of the relevant nodes involved in network evolution over time, iNFA can
discover the community structures and community evolution in dynamic social networks. Finally,
extensive experiments are conducted to validate the advantage of the proposed algorithms in

accuracy, efficiency and stability for community discovery in large-scale dynamic social networks.
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the group while sparely connected with the rest of the network.
In most real-world social networks especially the large-

scale online social networks, the networks and the communi-

ties evolve over times. Recently, some community discovery

algorithms have been proposed to meet the requirement of
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discovering community structures in large scale dynamic
networks. Generally, most community discovery algorithms
excavate the nodes involved in network evolution, and then
update community affiliation of these nodes and their neighbor
nodes. These algorithms can perform well with the assump-
tion that community structure usually evolves smoothly and
steadily, but cannot deal with some critical events during the
evolution, such as the possible extinction or the emergence of
a large number of communities.

In a large-scale social network, it is difficult to achieve a
global view of the community structures efficiently. However,
a node can discover its local topology and its neighborhood in
an easy way. Based on this idea, this paper presents a novel
community representation model called Follow-Community
Model to address the deficiencies of current incremental
community discovery algorithms. This model represents the
following relationship among neighbor nodes, and then based
on the Follow-Community model, a Neighborhood Following

Algorithm (NFA) with nearly linear time complexity is

proposed to discover community structures in static networks
by just visiting each node only once. Furthermore, an
extended algorithm of NFA named incremental Neighborhood
Following Algorithm (iNFA) is proposed to find communities
in dynamic networks. Extensive experimental results and
analysis are conducted to validate the superiority of the
proposed algorithms in accuracy, efficiency and stability for
community discovery in dynamic networks.
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