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A number of recent studies have focused on the statistical prop-
erties of networked systems such as social networks and the
Worldwide Web. Researchers have concentrated particularly on a
few properties that seem to be common to many networks: the
small-world property, power-law degree distributions, and net-
work transitivity. In this article, we highlight another property that
is found in many networks, the property of community structure,
in which network nodes are joined together in tightly knit groups,
between which there are only looser connections. We propose a
method for detecting such communities, built around the idea of
using centrality indices to find community boundaries. We test our
method on computer-generated and real-world graphs whose
community structure is already known and find that the method
detects this known structure with high sensitivity and reliability.
We also apply the method to two networks whose community
structure is not well known—a collaboration network and a food
web—and find that it detects significant and informative commu-
nity divisions in both cases.

PNAS 99, 7821-7826 (2002)
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Fig. 6. The largest component of the Santa Fe Institute collaboration

network, with the primary divisions detected by our algorithm indicated by
different vertex shapes.
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Community detection, the division of a network into dense subnetworks with only sparse connections
between them, has been a topic of vigorous study in recent years. However, while there exist a range of
effective methods for dividing a network into a specified number of communities, it is an open question
how to determine exactly how many communities one should use. Here we describe a mathematically
principled approach for finding the number of communities in a network by maximizing the integrated
likelihood of the observed network structure under an appropriate generative model. We demonstrate the
approach on a range of benchmark networks, both real and computer generated.
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FIG. 3. Emergence of hierarchical community structure through synchronization. The benchmark
network has the structure of (14,3), with its eigenvalue spectrum shown in Fig. 1. The nodal dynamical
system is that of a chaotic Rossler oscillator. The coupling parameter is continuously decreased so that,
starting from m = 2, the nontrivial eigenmodes lose their transverse stability one after another. Shown are
the synchronization error matrix constructed from all the pairwise distances between the nodal dynamical
variables, where the distances are color coded. For each panel, the integer value of m corresponds to the
case where the (m — 1) nontrivial eigenmodes (from two to m) are transversely unstable. For m < 4,
the synchronization states reflect correctly the four large communities at second hierarchical level. As
m is increased from 4 to 16 (corresponding to continuous decrease in the actual value of the coupling
parameter), the degree of inter-community synchronization at the first hierarchical level of 16 communities
is gradually weakened, revealing the community structure at the smaller scale. Insofar as m < 16, there is
local synchronization within each of the 16 communities. For m > 17, synchronization at the small scale
begins to deteriorate, revealing more refined structures within each such community.

Dynamics Based Approach — Paradigm Shift?

7. Zhuo, S.-M. Cai, M.
Tang, and Y.-C. Lai,
“Accurate detection of
hierarchical
communities in
complex networks based
on nonlinear dynamical
evolution,” preprint
(2018).



Dynamics Based Approach — A Real Example
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FIG. 6. Structure of the American college football game network as represented by the adjacency
matrix. There are altogether 115 teams (115 nodes in the network), which are divided into 12 conferences -
separated by lines. The names of the conferences are noted. Intra-conference games are more frequent than
inter-conference ones, giving rise to a community structure. Two anomalies are the “Independents” and
“Sun Belt” conferences, which have fewer intra-conference games. The conferences are organized into a
hierarchical structure because inter-conference teams that are geographically close to one another are more
likely to play in a game.



