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Abstract Dynamic complex networks are used to model the evolving relationships
between entities in widely varying fields of research such as epidemiology, ecology,
sociology, and economics. In the study of complex networks, a network is said to
have community structure if it divides naturally into groups of vertices with dense
connections within groups and sparser connections between groups. Detecting the
evolution of communities within dynamically changing networks is crucial to understanding complex systems. In this paper, we develop a fast community detection
algorithm for real-time dynamic network data. Our method takes advantage of community information from previous time steps and thereby improves efficiency while
maintaining the quality of community detection. Our experiments on citation-based
networks show that the execution time improves as much as 30% (average 13%)
over static methods.

1 Introduction
Over the last decade, complex network models have advanced our understanding
of systems at all scales, from protein interaction networks to global food webs and
from physical transportation networks to online social networks [1, 2].
Researchers often build network models from empirical data and then seek to
characterize and explain non-trivial structural properties such as heavy-tail degree
distributions, clustering, short average path lengths, degree correlations and community structure [3, 4, 5, 6, 7]. These structural properties appear in diverse natural
and man-made systems, and can fundamentally influence dynamical processes of
and on these networks [7, 8].
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Community structure is a network characteristic describing the propensity of
groups of vertices to form dense connections within the group than across. This
characteristic is used in the analysis of networks for many applications including
hierarchies of organizations [9], collaboration networks [10], protein interactions
[1], and stability of electrical grids [11]. The problem of community detection involves finding such connected groups in a given network and has become a popular
algorithmic problem in recent years. The quality of a particular division of a network into communities can be measured by modularity. One widely used method
of community detection is modularity maximization which detects communities via
approximate optimization methods such as simulated annealing, spectral clustering,
or greedy algorithms, using modularity as the optimization function [12, 13].
Much of the current work in complex networks science is based on static networks, which are graphs where vertices and edges remain fixed permanently. However, the diverse interactions that make up empirical complex networks are often
quite fluid: new connections form, while others dissolve, providing opportunities
for topological changes that can have a major impact on dynamics over the network.
Examples include evolving social contact networks over which infectious diseases
can disperse and dynamic computer networks over which users can communicate
and share resources. A dynamic representation of complex networks, in which vertices and edges shift according to changes in the system, more reflects this reality.
Community detection on dynamic networks has not received much attention until recently. Though consequent temporal configurations of a dynamic network vary
by only a small amount (i.e. one node or edge added or deleted), most community
detection methods treat each configuration as a separate network. The information
regarding communities from the previous configuration is not used and the communities have to be recomputed as a whole, requiring redundant computations. The
efficiency of these algorithms can be greatly improved if the re-computation is limited only to the portions of the network that are affected by the modifications.
We propose a fast community detection algorithm for real-time dynamic networks that takes advantage of community information computed in previous time
steps and thereby increases the efficiency of the detected community structure. In
Section 2, we review the static community detection algorithm on which we base
our dynamic algorithm, as well as discuss other approaches to community detection in dynamic graphs. In the next two sections, we discuss our contribution to
the dynamic community detection problem, and demonstrate results of our analysis
algorithm on a citation-based empirical network. We finish with our conclusions,
presenting the benefits of our algorithm and future directions.

2 Background and Previous Work
The idea of communities (or metapopulations in ecology, modules in physics, and
cohesive subgroups in sociology) is one that is appealing to many disciplines, and is
closely-related to the problem of graph partitioning in graph theory, graph clustering
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in computer science and block modeling in sociology. In this section, we focus on
work in the network science literature based on the hierarchical clustering approach
for community detection. For a complete review of other popular methods, see [13].

2.1 Evaluating Community Structure
To develop a method for community identification, one needs an evaluation criteria
to judge the quality of the detected community structure. One such measure was
proposed by Newman and Girvan in [14] and is based on the intuitive idea that
random networks do not exhibit (strong) community structure. Given an arbitrary
partition of a network into Nc communities, it is possible to define a matrix C (of
size Nc2 ) where the elements Ci j represent the fraction of total links starting at a node
in group i and ending at a node in group j. Then, the sum of any row of C, ai = ∑ j Ci j
corresponds to the fraction of links connected to subgroup i. If the network does not
exhibit community structure, or if the partitions are allocated without any regard to
the underlying structure, the expected value of the fraction of links within groups can
be estimated. It is simply the product of the probability that a link begins at a node in
i, ai , and the probability of links that end at a node in i, ai . Thus, the expected number
of within-community links is a2i . The actual fraction of links within each group,
however, is Cii . So, a comparison of the actual and expected values, summed over
all groups of the partition gives us the deviation of the partition from randomness:
Q(C) = ∑i (Cii − a2i ). Q is known as modularity, and has become a widely used
optimization criteria for community identification algorithms.
The search for the optimal (i.e. largest) modularity value is a NP-hard problem,
however, because the space of possible partitions grows faster than any power of the
network size. Thus, heuristic search strategies must be used to solve this optimization problem. In recent years, it has been pointed out that the modularity measure
has a resolution limit in that it may fail to identify modules smaller than a particular
scale (depending on the network size and the degree of module interconnectedness)
[15, 16]. This phenomenon stems from the fact that modularity is a sum of terms,
and thus modularity maximization amounts to searching for the optimal tradeoff between the number of terms (i.e. the number of modules) and the value of each term.
Although other quality measures for community structure do exist [17, 18], many
have the same weakness as the modularity measure because they are calculated as
sums over all modules and thus have the same tradeoff as described above.

2.2 Community Detection
Static Community Detection: The hierarchical clustering approach can be dichotomized into divisive and agglomerative strategies, and both require a similarity
measure to be defined between vertices or groups of vertices. Agglomerative al-
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gorithms [14], begin by initially considering every node in the network to belong
to an individual community, and then proceed to combine vertices that are closely
related (based on the similarity measure) to form larger communities. Divisive algorithms [12], on the other hand, begin by initially considering all network vertices
to belong to a single community and then proceed to remove edges between pairs of
vertices that are the least similar. This subdivides the graph into smaller but tighter
communities. Hierarchical clustering is a popular community detection method because in addition to providing the identification of communities in the network, it
also provides a hierarchical structure in the communities. In, [14], Newman and Girvan, propose a greedy agglomerative approach based on maximization of modularity for hierarchical community identification. In [19], Clauset, Newman and Moore,
propose an algorithm (to be referred to as the CNM algorithm from here on forth)
which operates on the same principle but is more efficient due to their use of data
structures. The algorithm starts from every node in its own community (like all agglomerative approaches), followed by a computation for each pair of communities
of the expected increase in modularity if the pair of communities was to be merged.
For efficiency, this computation is only made for pairs of communities that are connected, since joining two communities with no connections between them can never
result in an increase in Q. The algorithm has running time O(mdlogn) for a network
with n vertices, m edges, and a depth, d of the hierarchical community structure,
and is thus known to perform efficiently on vertices up to 500,000 vertices [20].
Dynamic Community Detection: The problem of community identification for
dynamic network data has received less attention in the field. During the course of
the past few years, there have been a few proposed methods, which we review here.
These methods fall within two classes: one designed for data which is evolving in
real time known as incremental or online community detection; and the other for
data where all the changes of the network evolution are known a priori, known as
offline community detection.
Tantipathananandh et al [21] propose an offline clustering framework based on
(the NP-hard problem of) finding optimal graph colorings. They present heuristic
algorithms which find near optimal solutions and are demonstrated on small networks with little evolution. However, these algorithms are likely not scalable in
their current form. Ning et al [22] propose an incremental (online) algorithm which
is initialized by a standard spectral clustering algorithm, followed by updates of the
spectra as the dataset evolves. Compared with re-computation by standard spectral
clustering for web blog data, their algorithm achieves similar accuracy but smaller
computational costs. More recently, Leung et al [23] discuss the potential of the label
propagation algorithm (originally proposed in [24]) for dynamic network data (without any experiments). The label propagation algorithm initializes each node with a
unique label, and progresses by allowing each node to adopt the label most popular among its neighbors. This iterative process produces densely connected groups
of vertices from the current consensus. In this iterative process densely connected
groups of vertices form a consensus on a unique label. The static version of the label propagation algorithm is efficient (near-linear time [24]) and the method could
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likely be applied to dynamic data. Lastly, earlier in 2010, Mucha et al [25] generalized the Laplacian dynamics approach to obtain a version of the modularity measure
for multi-slice (i.e. dynamic) networks. This new measure can then be coupled with
existing heuristic methods for dynamic community detection.

3 Our Contribution: Dynamic Community Detection
We introduce a dynamic community detection algorithm for real-time online changes,
which involve the addition or deletion of edges in the network. Our algorithm, based
on the greedy agglomerative technique of the CNM algorithm, follows a hierarchical clustering approach, where two communities are merged at each step to optimize
the increase in modularity of the network. As mentioned in Section 2.1, modularity
maximization does have limitations; however, we choose to base our method on the
CNM algorithm and the modularity measure because they are well-studied in the
field, making comparisons possible.
We observe that if the total number of edges is sufficiently large, then a small
change in the number of edges would not significantly affect the fraction of edges
in the graph, i.e. the values of Ci j . Therefore, until a vertex associated with the
modified edge is merged, all earlier merging steps should proceed exactly as in the
previous time step. Based on these observations, our dynamic community detection
algorithm is designed as follows:
Given a modified edge (a,b), replicate the combination steps of the previous time
steps until vertex a or vertex b is encountered. Then switch back to the original agglomerative algorithm and continue as in the static case.
The primary advantage of our dynamic algorithm is that we reduce redundant
computations for identifying communities that are to be merged (and for the merging operation itself) by replicating the merge operations that are common between
two consecutive time steps. Depending on the position of the vertices a or b in the
dendrogram representing the hierarchical clustering, our algorithm can reduce as
much as 30% of algorithm time compared to a repetition of the static method for
each time step. In order to replicate the merges, we store the dendrogram from the
previous time step, and this requires O(n) additional memory space,where n is the
number of vertices in the network.
We note that our dynamic community detection method is not limited to modularity for the quality function or the CNM technique for hierarchical clustering.
We have designed the method so it is conducive to efficient implementation and can
be easily added as module to existing agglomerative community detection methods,
with any quality functions (local or global).
Pseudocode for Dynamic Community Detection Algorithm
Input: Network G0 and list of modified edges over time steps where t = 1, . . . , T .
Output: Community structure at time steps t = 1, . . . , T .
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Fig. 1 CSR representation of a dynamic network. Figure a: The original network. Figure b. The
sparse adjacency matrix corresponding to the network. The values represent the increase in modularity if the row and column are to be merged. Figure c. The CSR format for the sparse matrix.
Figure d. The original network with a new edge (1,3) added, Figure e. Modification to the original
sparse matrix to add entries for edge (1,3) and (3,1)

1. The community structure of the input network G0 is initialized using the original
greedy agglomerative algorithm.
2. Each combination step is stored as a triplet < i, j, dQ >,t = 0, where i and j are
communities that have merged and dQ is the increase in modularity due to the
merge.
3. For iterations over timesteps t = 1, . . . , T
a. Obtain change in edges. Let a and b be the vertices involved in the edge
change.
b. Update network Gt−1 to Gt to include the change
c. Replicate combination steps of Gt−1 until vertex a or b is encountered
d. Revert to original agglomerative algorithm.
e. Continue until increase of modularity, dQ is negative
f. Delete combination steps for Gt−1
g. Store all the combination steps Gt
4. End
Dynamic Updates to Networks: Updating the network structure for each modification is a computationally intensive operation, and whose efficiency depends on
the underlying data structure. Data structures for dynamic networks include adjacency lists, such as those used in [26], which are easy to modify through addition
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and deletion of elements to the list. However, adjacency lists can potentially occupy
non-contiguous addresses, thereby not rendering efficient memory utilization.
In our implementation, we have used the compressed row storage method [27], a
popular format for representing sparse matrices, which stores values associated with
the links in the network in an array, i.e. within a contiguous memory location. When
an edge is deleted, the corresponding value is set to zero; when an edge is created, a
new entry and value is added to the existing array.
CSR is based on expressing the network as sparse matrix, as shown in Figure 1.
The array Index points to the first non-zero element in each row. The Columns array
represents the corresponding columns of the matrix with non-zero values and the
Values array represents the increase in modularity in the communities if the corresponding row and column are joined. To identify the community structure, we add
an extra row C ID to the traditional CSR format which corresponds to the community of each row (vertex). As the agglomeration algorithm progresses the entries in
C ID and Values change to reflect the evolving community structure.
The CSR data structure ensures high cache utilization and is easy to implement.
However, due to the addition of edges and no deletion (the deleted edges are represented by zeros), the network tends to become larger as the number of modifications increase. In future implementations, we plan to design representations where
changes can be consolidated after a certain number of modifications.

4 Empirical Results
In this section, we describe the results of our online community detection method on
a publicly available empirical network dataset. Although our algorithm is designed
for use on real-time data, there are few publicly available datasets of this kind. Thus,
to test our algorithm, we use dynamic network data where all temporal snapshots
are available a priori, but are processed one step at a time.
The real world network dataset is based on the DBLP database 1 which presents
information on computer science publications listed in the DBLP Computer Science
Bibliography [28]. The available database provides a snapshot of the bibliography
as of April 12, 2006 with article titles, authors, editors, publication dates, venues
(journal or conference name) and citation information. From this data, we derive a
dynamic co-authorship network spanning the year 2000 to 2001.
The networks have 3252 vertices and from 10997 (for year 2000) to 11159 (for
year 2001) edges. Each temporal snapshot network represents authors by vertices
and co-authorship by edges. There are 2169 separate changes in the edges ( 1124
additions and 1044 deletions) from 2000 to 2001. The input to our dynamic algorithm consists of network snapshots given one at a time (to mimic the behavior
of a real-time data stream). We compare the time the performance of our dynamic
algorithm to that of the static algorithm for the same network at every time step.
1

Data
acquired
from
http://kdl.cs.umass.edu/data/dblp/dblp-info.html
http://www.public.asu.edu/ ltang9/heterogeneous network.html

and
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Fig. 2 Difference in maximum modularity of the static and dynamic method over each network
snapshot. The X-axis plots the number of modifications and the Y-axis plots the difference in the
modularity. Top: One change per time step. Bottom: Two changes per time step.

We experiment with multiple step sizes on 1 change per time step to 2,4,8 and 10
changes per time step. The results and observations of our experiments are described
below.
Our dynamic algorithm assumes that small changes in the network will ensure
that the total number of edges, and therefore the values of Ci j , will remain nearly
constant. To fulfill this condition we alternate the online modifications between addition and deletion of edges. However, the total modifications from year 2000 to
2001 in the DBLP dataset, are comprised of 80 more additions than deletions, resulting in a 2% change in the number of edges in the network. As we will discuss
below, this change does mildly affect results during the final modifications.
Quality of Solution: To validate the correctness of our algorithm, we compare
the solutions of our dynamic algorithm with the analagous static method repeated
for every time step. As seen in Figures 2 and 3, the maximum modularity obtained
by the two methods remains nearly the same until the final modification steps, where
they diverge. The variance in modularity is generally within 5%, except in the case
of 1 change per step, where the variance increases to almost 25% during the final modifications. In general, the more changes per step size, the more closely the
maximum modularity value from the dynamic method adheres to the static case.
The reason for the later discrepancies in the modularity are twofold. First, as
discussed earlier, our algorithm is based on the assumption that the total number
of edges in the network remain nearly constant. As the number of edges change,
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Fig. 3 Difference in maximum modularity of the static and dynamic method over each network
snapshot. The X-axis plots the number of modifications and the Y-axis plots the difference in the
modularity. Top: Four changes per time step. Middle: Eight changes per time step. Bottom: Ten
changes per time step.

the answers tend to diverge. The second reason for the variation in modularity is as
follows. The initial merging operations are based on those of the previous time step.
However, as we continue adding changes to the network, the early merging steps
are determined by the dynamic method from the previous steps. The discrepancies
from the static algorithm, if any, tend to accumulate to lead to a wider divergence
as the number of changes grow. This effect can be ameliorated by reverting to the
complete static algorithm after a certain number of network modifications.
Performance Results: Comparing the execution time of community detection
for the DBLP dynamic network for the year 2000 to 2001, we find that our dynamic
algorithm is either faster or of the same speed as the static case, with efficiency
increasing with the number of modifications, which in turn increases the CSR array size. We measure results only for time steps 1 to 2100, since the solutions of
the static and dynamic method are equivalent in this range. The percentage of improvement is obtained by computing (StaticTime−DynamicTime)
∗ 100%. As seen from
StaticTime
Figures 4 and 5, the speedup can be as much as 30% with an average of 13%. The
curves with more changes per time step (Figure 5) are smoother due to fewer calls
to the dynamic method, otherwise the progression of the speedup curve is nearly the
same over all experiments.
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Fig. 4 Percentage speedup of the dynamic method over the static method at each network snapshot.
The X-axis plots the number of modifications and the Y-axis plots the speedup. Top: One change
per time step. Bottom: Two changes per time step.

5 Discussion and Future Work
We see from the results, that our real-time dynamic algorithm can improve the execution time of a static agglomerative method, while maintaining the quality of solution as measured by the maximum modularity of the network. However, repeated
applications of the dynamic method or too many changes of the same type can hamper the quality of results.
Our goal has primarily been to design an efficient algorithm for dynamic community detection by extending a static agglomerative technique and benchmarking
our results with the static algorithm results. We do not claim to improve upon the
static algorithm results, nor deal with the issues of the underlying algorithm (as
discussed in [15, 16]). Finding the ”correct” community structure is also an open
problem. However, due to the modularity of our algorithm it is easy to add this
dynamic component to any current or future agglomerative method that uses hierarchical clustering.
Our future research plans include designing a dynamic component for divisive
community detection methods. We also plan to improve the efficiency of the algorithm by a more selective search of the dendrogram and develop an offline-version
of our algorithm which we anticipate would perform at least as well as the online
version.
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Fig. 5 Percentage speedup of the dynamic method over the static method at each network snapshot.
The X-axis plots the number of modifications and the Y-axis plots the speedup. Top: Four changes
per time step. Middle: Eight changes per time step. Bottom: Ten changes per time step.
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