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Abstract—In this work, a new fast dynamic community
detection algorithm for large scale networks is presented. Most
of the previous community detection algorithms are designed
for static networks. However, large scale social networks are
dynamic and evolve frequently over time. To quickly detect communities in dynamic large scale networks, we proposed dynamic
modularity optimizer framework (DMO) that is constructed
by modifying well-known static modularity based community
detection algorithm. The proposed framework is tested using
several different datasets. According to our results, community
detection algorithms in the proposed framework perform better
than static algorithms when large scale dynamic networks are
considered.

I.

I NTRODUCTION

In the last decade, the notion of social networking is
emerged and produced very large graphs that consist of the
information of their users. These graphs generally consist of
the nodes that represent the users; and edges that represent the
relations among users. The nodes in these graphs generally
tend to get together and construct communities of their own.
Thus, it can be stated that social networks commonly have
a community structure. These networks can be divided into
groups of nodes that have denser connections inside the group;
but fewer connections to the outside of the group. For example,
in a GSM network, a group of users who call each other more
densely than they call other users may construct their own
community. In this case, the nodes represent the users and the
edges represent the calls that users made. The detection of
communities in these large networks is a problem in this area;
therefore a lot of community detection algorithms such as [1],
[2], [3], [4], [5], [6], [7], [8], [9] proposed in the literature.
Almost all these community detection algorithms are static
and designed for static networks.
However, most of the social networks are not static because
they evolve in many ways. They may gain or lose users that
are represented as nodes in the graphs over time. The users of
these social networks may lose contact from each other or there
can be new connections among users. In other words, some
edges in the graphs may be removed or new edges may be
added to the graph over time. All these processes may happen
in a very small amount of time in a social network if it has
a lot of active users. This kind of a social network may be
called as highly dynamic. For example, popular social sites
such as Facebook, Twitter, LinkedIn and so on have highly
dynamic social networks. Moreover, most GSM networks have

millions of users and hundreds of calls made in seconds;
therefore, they can also be labeled as highly dynamic networks.
Addition or deletion of an edge or a node from a network
which has millions of edges might seem insignificant; but when
this additions or deletions of an edge or a node happen very
frequently, they begin to change the community structure of
the whole network and become very important. This change in
the community structure raises the need of re-identification of
communities in the network. This need arises frequently and
creates a new problem in the community detection research
area. This new problem requires somehow fast detection of
communities in dynamic networks.
The first solution that comes to mind for community
detection in large dynamic networks problem is the execution
of static community detection algorithms already defined in
the literature all over again to detect the new community
structure whenever the network is modified. Nevertheless, this
solution takes too much time in every modification of the large
networks since it runs the community detection algorithm from
scratch each time. A much efficient and less time consuming
solution is to run the community detection algorithms not
from scratch but from a point in the history of the network
by storing and using the historical results of executions of
the algorithms whenever network is evolved. In other words,
updating previously discovered community structure instead of
trying to find communities from scratch each time the network
evolves consumes much less time and thus much efficient. This
solution method for the problem of detecting communities in
large dynamic networks is the main focus of our study in this
paper.
In this paper, we modified the smart local moving (SLM)
algorithm defined by Waltman & Van Eck [9] so that it would
detect the communities in rapidly growing large networks dynamically and efficiently. As a result, we propose the dynamic
SLM (dSLM) algorithm that dynamically detects communities
in large networks by optimizing modularity and using its
own historical results. We tested our proposed approach on
several different datasets. We demonstrated the effects of our
contribution to the SLM algorithm in two ways. One of
them is the change in modularity value which determines
the quality of the community structure of the network. The
other one is the change in running time that determines the
pace of the algorithm. The latter is more significant than the
former because the community structure of the network must
be quickly identified at the given timestamp before the next

timestamp is reached. We realized that dSLM improved SLM
by decreasing its running time incredibly. Moreover, there
are some experiments where modularity value increases while
running time decreases.
The rest of the paper is organized as follows. Section II
introduces previous researches done in the area. Section III
explains the modularity. The proposed solution for dynamic
community detection in large networks called as dSLM and
its static version SLM are described in Section IV. In Section
V, the results of the experiments of SLM and dSLM are
demonstrated. Finally, the paper is concluded in Section VI.

II.

R ELATED W ORK

The idea of modularity-based community detection is to
try to assign each vertex of the given network to a community
such that it maximizes the modularity value of the network.
Optimizing modularity is an NP-hard problem. [10] Exact
algorithms that maximize modularity such as [11], [10], [12]
can be used only for small networks.
For large-scale modularity optimization, heuristic algorithms are proposed. We basically focus on three well known
algorithms, namely; CNM, Louvain and SLM. The first one is
Clauset et al.’s [13] CNM algorithm. It is a greedy modularity
maximization algorithm that searches for best community
assignment for each node. The second one is referred as
Louvain algorithm and proposed by Blondel et al. [7] in 2008.
By considering each community as a single node, it further
searches for new community merges after the local optimum
satisfied using CNM. The last one is called as Smart Local
Moving (SLM) algorithm that is proposed by Waltman and
Jan van Eck in 2013. [9] SLM algorithm is explained in detail
in chapter III.
Due to the dynamic features of many social networks
[14], the need for detecting communities dynamically in the
large networks is emerged in the latest years. There have
been many community detection algorithms proposed in the
literature to fulfill this need. Xu et al. divides the current
research on community evolution into the following categories.
Parameter estimation methods and probabilistic models have
been proposed in the literature. [15], [16] A methodology
that tries to find an optimal cluster sequence by detecting
a cluster structure at each timestamp that optimizes the incremental quality can be classified as evolutionary clustering.
[17], [18] Furthermore, tracking algorithms based on similarity
comparison have also been studied in order to be able to
describe the change of communities on the time axis. [19], [20]
Apart from these algorithms that are focused on the evolution
procedures of communities, community detection in dynamic
social networks aims to detect the optimal community structure
at each timestamp. For this purpose, incremental versions of
both CNM and Louvain algorithm are proposed by Dinh et
al.[21] and Aynaud et al. [22]. To the best of our knowledge,
this is the first work considering the incremental version of
Smart Local Moving algorithm in literature. Our algorithm
can be classified as the last mentioned category which aims
to detect optimal community structure at each timestamp with
minimum running time.

III.

M ODULARITY

Modularity is a function that is used for measuring the
quality of the results of community detection algorithms.
If the modularity value of a partitioned network is high,
it means that the network is partitioned well. Apart from
quality measurement, modularity is used as the basis of some
community detection algorithms. These algorithms try to detect
communities (partitions) in a network by trying to maximize
the modularity value of the network. Thus, modularity is
a function that is used for both quality measurement and
community detection.
Modularity is based on the idea that a randomly created
graph is not expected to have community structure, so comparing the graph at hand with a randomly created graph would
reveal the possible community structures in the graph at hand.
This comparison is done through comparing the actual density
of edges in a subgraph and the expected edge density in the
subgraph if the edges in the subgraph were created randomly.
This expected edge density depends on how random the edges
created. This dependency is tied to a rule that defines how
to create the randomness and called as null model. A null
model is a copy of an original graph and it keeps some
of this original graphs structural properties but not reflects
its community structure. There can be multiple null models
for a graph such that each of them keeps different structural
properties of the original graph. Using different null models for
the calculation of the modularity leads to different modularity
calculation methods and values. The most common null model
that is used for modularity calculation is the one that preserves
the degree of each vertex of the original graph. With this null
model, modularity is calculated as the fraction of edges that
fall in the given communities minus such fraction in the null
model. [23], [24] The formula of modularity can be written as
in Equation 1

Q=

1 X
(Aij − Pij )δ(Ci , Cj )
2m ij

(1)

m represents the total number of edges of the graph. Sum
iterates over all vertices denoted as i and j. Aij is the number
of edges between vertex i and vertex j in the original graph.
Pij is the expected number of edges between vertex i and
vertex j in the null model. The δ function results as 1 if the
vertex i and vertex j are in the same community (Ci = Cj ),
0 otherwise. The null model can be created by cutting the
edges between vertices; thus, creating stubs (half edges) and
rewiring them to random vertices. Thus, it obeys the rule of
keeping degrees of vertices unchanged. Cutting edges into half,
creates m ∗ 2 = 2m stubs. In the null model, a vertex could be
attached to any other vertex of the graph and the probability
that vertices i and j, with degrees ki and kj , are connected,
can be calculated. The probability pi to pick a ramdom stub
ki
connection for vertex i is 2m
, as there are ki stubs of i out of a
total of 2m stubs. The probability of vertex i and vertex j being
connected is pi pj , since stubs are connected independently
of each other. Since there are 2m stubs, there are 2mpi pj
expected number of edges between vertex i and vertex j. [24]
This yields to equation 2

Pij = 2mpi pj = 2m

ki kj
ki kj
=
2
4m
2m

(2)

By placing equation 2 into equation 1, modularity function
is presented as in equation 3.
Q=

1 X
ki kj
(Aij −
)δ(Ci , Cj )
2m ij
2m

(3)

The resulting
 values of this modularity function lie in the
range −1
,
1
. It would be positive if the number of edges
2
within subgraphs is more than the number of expected edges
in the subgraphs of null model. Higher values of the modularity
function mean better community structures. [9]
This modularity function also applies to weighted networks. [9], [25] The modularity function for the weighted
graphs can be calculated as in equation 4.
Qw =

1 X
si sj
(Wij −
)δ(Ci , Cj )
2W ij
2W

(4)

There are three differences. The first difference is that in
the case of a weighted network Wij , instead of Aij , may take
not just 0 or 1 but any non-negative value that represents the
weight of the edge. The second one is that instead of m, which
is total number of edges, W , which is the sum of the weights
of all edges is used in the equation. The last one is that si and
sj which represents the sum of the weights of edges adjacent
to vertex i and vertex j respectively is used in the equation
instead of ki and kj which means the degree of vertex i and
vertex j respectively. [24]
Apart from weighted networks, the modularity function
defined in 3 has been extended in order to be also applicable
to directed networks. [26], [27] When the edges are directed,
stubs will also be directed and it changes the possibility of
rewiring stubs and connecting edges. The calculation of this
possibility in the directed case depends on the in- and outdegrees of the end vertices. For instance, there are two vertices
A and B. A has a high in-degree and low out-degree. B has a
low in-degree and high out-degree. Thus, in the null model of
modularity, an edge will be much more likely to point from
B to A than from A to B. [24] Therefore, the expression of
modularity for directed graphs can be written as in equation 5
Qd =

kiout kjin
1 X
(Aij −
)δ(Ci , Cj )
m ij
m

There have been a few proposals of modified version of the
modularity functions defined above as alternative modularity
functions. These modified, extended versions for instance offer
a resolution parameter that makes it possible to customize
the granularity level at which communities are detected and
to mitigate the resolution limit problem defined by Fortunato
and Barthlemy [28]. [29] Moreover, there are modularity
functions with a somewhat modified mathematical structure
in the literature such as Reichardt & Bornholdt, 2006; Traag,
Van Dooren, & Nesterov, 2011; Waltman, Van Eck, & Noyons,
2010. [9], [28], [30], [31]
IV.

A. SLM Algorithm
SLM is a community detection algorithm that is evolved
from Louvain algorithm. Louvain algorithm is a large scale
modularity based community detection algorithm that is proposed by Blondel et al in 2008. [7] The quality of detected
communities by Louvain algorithm is measured by the method
called modularity. The modularity of a network is a value
that is between -1 and 1. This value presents the density of
links inside communities over the density of links between
communities. [23] When this value is close to 1, then the
measured network can be called as modular network. In
the case of weighted networks, modularity function can take
weights into consideration and measure the quality of detected
communities. Louvain algorithm uses modularity function as
not only a measurement function but also an objective function
to optimize.
Louvain algorithm is a recursive algorithm which has two
steps running in each recursive call. Before the recursion starts,
the algorithm assigns a different community to each node of
the network whose communities are going to be detected.
Therefore, in the initial case each node has its own community.
In each recursive call the following steps are run:
1)

(5)
2)

The sum of the in-degrees (out-degrees) equals m not
2m as in the case of undirected graph. Therefore, the factor
2 in the denominator of the first and second summand has
been dropped. In order to get the modularity function to be
applicable to directed weighted networks, the equations 4 and
5 can be merged; thus, equation 6 can be constructed as the
most general expression of modularity. [24]
Qdw =

in
sout
1 X
i sj
(Wij −
)δ(Ci , Cj )
W ij
W

(6)

SLM AND D SLM A LGORITHMS

It runs a local moving heuristic in order to obtain
an improved community structure. This heuristic basically moves each node from its own community
to its neighbors’ community and run the modularity
function. If the result of the modularity function,
which means quality, increased, the node would be
kept in the new community; else, the node would be
moved back to its previous community. This process
is applied to each node for its each neighbor in
random order and thereby heuristically the quality is
tried to be increased.
The algorithm constructs a reduced network whose
nodes are the communities that are evolved in the
first step. Moreover, the weights of the edges in this
reduced network are given by the sum of weights
of the links between the nodes which reside in
the corresponding two communities. Links between
nodes of the same community in the old network are
presented as self-links for the node that represents
that community in the new reduced network. When
this reduced network is fully constructed, then algorithm calls itself recursively and first step is applied
to this reduced network.

The algorithm keeps recursing until no further improvement
in modularity is measured and thereby there are no changes in
the community structure. [7]
Louvain algorithm detects community structures whose
modularity values are locally optimal with respect to community merging, but not necessarily locally optimal with respect
to individual node movements. Since the Louvain algorithm
applies local moving heuristic in the beginning of its recursive
block and merges communities by reducing network in the
end of its recursive block, calling it iteratively ensures that
the resulting community structure cannot be improved further
either by merging communities or by moving individual nodes
from one community to another. Like the iterative variant
of these algorithms SLM algorithm constructs community
structures that are locally optimal with respect to both individual node movements and community merging. Besides
these capabilities, SLM also tries to optimize modularity by
splitting up communities and moving sets of nodes between
communities. This is done by changing the way that local
moving heuristic and network reduction runs.[9]
Louvain algorithm runs local moving heuristic algorithm
on the present network as the first step, and then construct
the reduced network as the second step. However, the SLM
algorithm changes the reduced network construction step by
applying following processes:
1)

2)
3)

It iterates over all communities that are formed by the
first step. It copies each community and constructs a
subnetwork that contains only the specific community’s nodes.
It then runs the local moving heuristic algorithm on
each subnetwork after assigning each node in the
subnetwork to its own singleton community.
After local moving heuristic constructs a community
structure for each subnetwork, the SLM algorithm
creates the reduced network whose nodes are the
communities detected in subnetworks. The SLM algorithm initially defines a community for each subnetwork. Then, it assigns each node to the community
that is defined for the node’s subnetwork. Thus,
there is a community defined for each subnetwork
and detected communities in subnetworks are placed
under these defined communities as nodes in the
reduced network.

Procedure: Initialize Communities
Input: Old Communities, Old Network, New Network
Output: New Communities
1: j = 0
2: for i = 0 → Old Communities.size do
3:
N ew Communities = ReadCommunitiesF ile()
4: end for
5: Delta N etwork = N ew N etwork − Old N etwork
6: for j = i → Delta N etwork.size do
7:
new communities[j] = Delta N etwork[j − i]
8: end for
Fig. 1.

Initialize Communities Procedure

•

Existing communities are read from file as New Communities.

•

If exists, the extensions to the network has been
determined.

•

For each new node, singleton new communities are
constructed and added to New Communities.

The effects of other changes in the network, such as adding
new edges and deletions of nodes and edges, are handled
while executing standard SLM procedure. The new dSLM is
available at https://github.com/mertozer/dSLM.
Since after some iterations, the increase of modularity
drops to very small values, it might make sense to stop the
iterations using either the amount of changes or by setting
a target modularity value. We have implemented the second
option, which is called dSLMEVS in the experiments. We
have made the tests by setting the modularity values as the one
obtained for SLM in order to be able to observe the differences
in the execution times for exactly the same modularity values.
C. Running Example

This is the way that the SLM algorithm constructs the reduced
network. After these processes, the SLM algorithm gives the
reduced network to the recursive call as input and all the
processes starts again for the reduced network. The recursion
continues until a network is constructed that cannot be reduced
further. To sum up, the SLM algorithm has more freedom in
trying to optimize the modularity by having the ability to move
sets of nodes between communities which cannot be done by
Louvain algorithm. [9]
B. Dynamic Smart Local Moving Algorithm
SLM algorithm initially assigns each node to a different
community, so each node has its own singleton community. In
order convert SLM to dynamic form, we replace that operation
with a newly defined procedure, called initialize communities
which is given in Figure 1. This procedure works as follows:

Fig. 2.

Network in time t (analyzed by SLM)

Let the sample network depicted in Figure 2 to be a
network that changes in time and needs to be analyzed
continuously in each time frame. So, the network is analyzed
and communities are detected in time t. Figure 2 presents the

beginning and end states of the community structure of the
network analyzed by SLM algorithm in time t. Solid rectangles
present the initial community structure; whereas the colors
of the nodes (and dashed rectangles) present the resulting
community structure. From time t to time t+1, a node which
is numbered as 10 and an edge between this new node and
the node which is numbered as 9 are added to the network.
This evolved network in time t+1 can be seen in Figure 3 and
Figure 4. Figure 3 presents the community detection process

structure from scratch by trying and finding node movements
that maximize the modularity of the network. However, dSLM
needs to try only one node movement which is to move newly
added node from its singleton community to its only neighbor
(blue) community. Since it appears to increase the modularity
of the network, dSLM places the new node to blue community
and that is it. Because the initial community structure is known
to be the one that maximizes the modularity of the network,
there is no other node movement trying that can increase
modularity. By this way, the dSLM runs faster than SLM .
This run time difference between SLM and dSLM gets much
greater while the network size increases.
V.

E XPERIMENTS & R ESULTS

We evaluate our proposed approach dSLM on five realworld datasets which are the arXiv citation dataset, the GSM
calls dataset, Google Plus, Twitter and Youtube user network
datasets..
The arXiv1 citation dataset is published in the KDD Cup
2003. It contains approximately 29,000 papers and their citation graph. In this graph, each vertex represents a paper
and each edge represents the citation between its connected
vertexes. There are around 350,000 edges which represent
citations in this graph.

Fig. 3.

Network in time t+1 (analyzed by SLM)

of the network in time t+1 performed by SLM algorithm in
the same way as Figure 2. As the difference of Figure 2
and Figure 3, a new node and a new edge are only seen in
Figure 3. Since they both demonstrate the SLM process, the
initial communities are singleton. Figure 4 demonstrates the

We have used call detail record (CDR) dataset, obtained
from one of the largest GSM operators in Turkey. This
produced GSM calls dataset contains 12,521,352 nodes and
44,768,912 edges. These two datasets are used for edge
deletion and addition experiments purposes.
The Google Plus and Twitter user network data is collected
by Stanford Network Analysis Project2 . The Google Plus
data consists of 107,614 nodes and 13,673,453 edges. The
Twitter data consists of 81,306 nodes and 1,768,149 edges.
The Youtube user network data is provided by Mislove et
al. [32]. It consists of 1,134,890 nodes and 2,987,624 edges.
The users of the Youtube are the nodes, and the friendships
are represented by edges. We used these 3 datasets for node
deletion and addition experiments purposes.
In the first set of experiments we have assumed the dynamic
feature is in the form of edge insertions and deletions. Table I
and II gives the results for these experiements. In the second
set, on the other hand, node insertions and deletions represent
the dynamic feature. Table III and IV presents the results for
these experiments.
TABLE I.

Fig. 4.

Network in time t+1 (analyzed by dSLM)

dSLM process of the network in time t+1. In this process, the
community structure of the network in time t is used as the
initial states of communities which can be seen as rectangles
in Figure 4. Both SLM and dSLM algorithms place the newly
added node in blue community. SLM constructs the community

T HE EFFECT OF D SLM FOR EDGE INSERTIONS

Algorithm

Dataset

Base (#
of Edges)

dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS

arxiv
arxiv
GSM
GSM
GSM
GSM
GSM
GSM
GSM
GSM

300,000
300,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000

#
of
Edges
Added
1,000
10,000
1,000
10,000
100,000
1,000,000
1,000
10,000
100,000
1,000,000

Change in Modularity Value
0.02% increased
0.15% increased
no change
no change
no change
0.02% increased
no change
no change
no change
no change

1 http://www.cs.cornell.edu/projects/kddcup/datasets.html
2 http://snap.stanford.edu/data

Decrease
in Running
Time
26%
26%
27%
29%
20%
17%
91%
63%
64%
80%

TABLE II.

T HE EFFECT OF D SLM FOR EDGE DELETIONS

Algorithm

Dataset

Base (#
of Edges)

dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS

arxiv
arxiv
GSM
GSM
GSM
GSM
GSM
GSM
GSM
GSM

300,000
300,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000
10,000,000

TABLE III.

Change in Modularity Value
0.08% increased
0.04% increased
no change
no change
0.01% increased
0.01% increased
no change
no change
no change
no change

Decrease
in Running
Time
32%
7%
38%
27%
24%
16%
92%
61%
91%
80%

T HE EFFECT OF D SLM FOR NODE INSERTIONS

Algorithm

Dataset

Base (#
of Nodes)

dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS

Twitter
Twitter
Twitter
Twitter
GPlus
GPlus
GPlus
GPlus
Youtube
Youtube
Youtube
Youtube
Twitter
Twitter
Twitter
Twitter
GPlus
GPlus
GPlus
GPlus
Youtube
Youtube
Youtube
Youtube

81,296
81,206
80,306
71,306
107,604
107,514
106,614
97,614
1157728
1156828
1147828
1057828
81,296
81,206
80,306
71,306
107,604
107,514
106,614
97,614
1,157,728
1,156,828
1,147,828
1,057,828

TABLE IV.

#
of
Edges
Deleted
1,000
10,000
1,000
10,000
100,000
1,000,000
1,000
10,000
100,000
1,000,000

#
of
Nodes
Added
10
100
1,000
10,000
10
100
1,000
10,000
100
1000
10000
100000
10
100
1,000
10,000
10
100
1,000
10,000
100
1000
10000
100000

Change in Modularity Value
no change
no change
no change
0.04% increased
0.02% decreased
no change
no change
0.97% decreased
1.77% increased
1.36% increased
0.03% increased
0.12% increased
no change
no change
no change
no change
0.02% decreased
no change
no change
0.04% increased
0.04% increased
0.13% increased
0.08% increased
0.15% increased

Decrease
in Running
Time
67%
90%
89%
70%
72%
53%
54%
11%
73%
65%
77%
41%
82%
90%
79%
75%
70%
83%
83%
30%
92%
99%
98%
98%

T HE EFFECT OF D SLM FOR NODE DELETIONS

Algorithm

Dataset

Base (#
of Nodes)

dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLM
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS
dSLMEVS

Twitter
Twitter
Twitter
Twitter
GPlus
GPlus
GPlus
GPlus
Youtube
Youtube
Youtube
Youtube
Twitter
Twitter
Twitter
Twitter
GPlus
GPlus
GPlus
GPlus
Youtube
Youtube
Youtube
Youtube

81,306
81,306
81,306
81,306
107,614
107,614
107,614
107,614
1,157,828
1,157,828
1,157,828
1,157,828
81,306
81,306
81,306
81,306
107,614
107,614
107,614
107,614
1,157,828
1,157,828
1,157,828
1,157,828

#
of
Nodes
Added
10
100
1,000
10,000
10
100
1,000
10,000
100
1000
10000
100000
10
100
1,000
10,000
10
100
1,000
10,000
100
1000
10000
100000

Change in Modularity Value
0.06% increased
no change
0.02% increased
0.03% decreased
0.35% decreased
0.37% decreased
0.35% decreased
0.35% decreased
0.28% decreased
0.03% decreased
0.21% decreased
0.09% decreased
0.05% increased
0.02% decreased
0.02% increased
0.05% decreased
0.36% decreased
0.35% decreased
0.36% decreased
0.34% decreased
0.29% decreased
0.01% decreased
0.19% decreased
0.07% decreased

Decrease
in Running
Time
85%
79%
87%
28%
90%
78%
75%
73%
88%
87%
73%
73%
92%
81%
87%
28%
90%
78%
84%
69%
99%
99%
99%
98%

In general, dSLM does not decrease the number iterations
of convergence of SLM, however, it decreases the number
of node movements needed in each iteration of SLM. This
indicates that each iteration of dSLM runs faster than each
iteration of SLM. Therefore, overall running time of dSLM is
less than SLM’s overall execution time. The overall results can
be seen in Table I, II, III and IV.
In order to be able to decrease the overall running time
of dSLM algorithm even more, we added another parameter
called expected modularity value that enables the algorithm
stop when it is reached. We named this kind of new algorithm
as dSLMEVS and made same experiments on it with this
new parameter set to the modularity value resulted from SLM
algorithm. By this new algorithm and parameter, we aimed to
decrease running time as much as possible while keeping the
modularity value unchanged or increased. We reached our aim
and decreased running time drastically and keep modularity
value unchanged or increased as seen in all of the tables.
VI.

C ONCLUSION

Waltman & Van Eck proposed and implemented the SLM
algorithm in order to detect communities in large networks.
We extended their implementation to define the community
structure in a dynamic rather than static way. We made use of
the past calculation results of the SLM algorithm in order to
calculate the current networks community structure. This usage
is the main extension and contribution to the SLM algorithm.
In the basics, it is what extends the SLM to be dSLM.
To sum up, we extended SLM to be incremental and
dynamic by using the historical results of community detection
algorithms for the initial community assignments of the nodes.
Thus, the number of node movement actions tried to maximize
the modularity value is decreased. This led to decrease in
running time of the algorithms. Moreover, it can lead to
decrease in number of iterations to converge. Thus, if the
algorithms run with a constant number of iterations parameter,
the modularity value may result as increased.
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