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Abstract. In this paper, we propose a graph-layout based method for
detecting communities in networks. We first project the graph onto a
Euclidean space using Fruchterman-Reingold algorithm, a force-based
graph drawing algorithm. We then cluster the vertices according to their
Euclidean distance. The idea is similar to that of dimension reduction.
The graph drawing in two or more dimension provides a heuristic deci-
sion as whether vertices are connected by a short path based on their
Euclidean distance. We study community detection for both disjoint and
overlapping communities. For the case of disjoint communities, we use k-
means clustering. For the case of overlapping communities, we use fuzzy-c
means algorithm.

We evaluate the performance of our different algorithms for varying pa-
rameters and number of iterations. We compare the results to several
state of the art community detection algorithms, each of which clusters
the graph directly or indirectly according to geodesic distance. We show
that, for non-trivially small graphs, our method is both effective and effi-
cient. We measure effectiveness using modularity when the communities
are not known in advance and precision when the communities are known
in advance. We measure efficiency with running time. The running time
of our algorithms can be controlled by the number of iterations of the
Fruchterman-Reingold algorithm.

1 Introduction

Communities happen in complex networks from various fields and community
detection can be applied to those fields such as sociology [16], biology [14], mar-
keting [35] and computer science [12]. Communities exist when nodes in the
network form a group in which they are better connected to each other than to
the rest of the network. Identifying such groups or communities, e.g in online
social networks, helps to disseminate or retrieve information in a easier and more
efficient ways. In this paper, we propose methods for finding good communities.

We model social networks as simple graph G(V,E) which is undirected, un-
weighted and without self-loop. V is a set of vertices. E is a set of edges. Our
main idea is to obtain presentation in Euclidean space from graph presenta-
tion and then work on clustering based on Euclidean distances. This is different
from what common graph clustering algorithms in that most of them cluster the
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graph and detect communities directly or indirectly according to geodesic dis-
tance. We build our approach based on Fruchterman-Reingold’s force-directed
algorithm (FR) [18]. This graph layout approach transforms the connections
among vertices to attractive forces and repulsive forces to pull vertices together
or push them apart. In this way, the vertices with more connections are placed
closer while the vertices without or with less connections are relatively further
from each other in Euclidean space. This gives the hint that the vertices within
one community are placed relatively closer since it’s denser inside the commu-
nity. In other words vertices within community have more connections to each
other than connections to the vertices in other communities. It thus is a good
opportunity to adopt the techniques in data clustering to look for the communi-
ties based on the graph layout. Furthermore, we extend FR from two dimension
to one dimension and three dimensions, and even higher dimensions as well.
We evaluate the significance of the number of dimensions on our method’s ef-
fectiveness and efficiency. For disjoint community detection, the data clustering
techniques we take advantage of are k-means clustering (KM), while for overlap-
ping community, we employ Fuzzy C-mean clustering (FCM) which can indicate
the strength between each vertex and communities, and thus doesn’t restrict
each vertex to belong to one group only. FCM is a variant of KM. All these
algorithms’ complexities are not high and neither is FR’s. Our method building
on these techniques is thus efficient for large social networks.

To evaluate the community, modularity is widely used. Modularity is defined
based on this idea that edges between nodes in the same community are dense,
and are sparse between different communities. As the size of the community is
usually unknown, simply counting the edges inside or between communities is
not adorable. To find communities with natural division, modularity is invented
as the number of edges falling within groups minus the expected number in
an equivalent graph with edges placed at random [32]. An equivalent graph
here means that the graph has the same number of edges and the same degree
distribution. In this paper, we apply modularity as the metric of community
quality. For graphs with known community structures in advance, we measure
the precision as well by comparing the memberships of communities that our
approach discovers with those of the communities known in advance.

The rest of the paper is organized as follows. In Section 2 we introduce the
related works on graph clustering and community detection. Section 3 briefly re-
views the background and presents our approach to discovery community struc-
tures in networks. In Section 5 we describe the data sets that we use, and present
and analyze the results of our experiments. Finally we conclude in Section 6.

2 Related Work

Community detection is sometimes referred to as graph clustering, though the
two concepts are not exactly the same. Many works have been using graph
clustering to detect communities in complex networks including social networks.

Graph clustering methods can be categorized into partition clustering, hier-
archical clustering, divisive global clustering, and agglomerative global clustering
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[38]. Large amount of specific methods are proposed such as Star clustering [2],
Repeated Random Walks [29], Markov Clustering [40], Richochet clustering [42].

Some methods are specifically proposed for disjoint community detection.
Girvan and Newman [20][31], the pioneering works on community detection,
propose a divisive method to identify community. The edges with highest be-
tweenness are removed iteratively, which splits the graph into communities. The
quality of the obtained communities are measured by modularity. Clauset [7] de-
fines a local measurement of community structure called locally modularity and
proposes an agglomerative algorithm to maximize the local modularity of the
communities detected. Clauset et al. [8] propose a greedy hierarchical agglom-
erative algorithm which starts from each vertex being a community and then
joins two communities at each iteration. The whole process can be represented
by a dendrogram. The selection of two joining community is based on the idea
of maximizing modularity increment. Yan and Gregory [44] propose to optimize
current community detection algorithms by comparing vertices. Pairwise vertex
similarities are measured beforehand, and existing community detection algo-
rithms are applied on the graph with the vertex similarities as edge weights. To
evaluate communities found, they use modularity and normalized mutual infor-
mation measurement [24]. Rosvall and Bergstrom [36] use information theoretic
approach to detect community in weighted and directed network.

For overlapping community detection, Du et al. [13] use maximal cliques
for community detecting instead of star-shaped subgraphs. The problem of star
clustering, as they point out, is that the vertices with high degree doesn’t nec-
essarily mean involving in a community. Therefore, they propose an algorithm
called ComTector. It enumerates all maximal cliques, finds clustering kernel in
each group of the overlapping maximal cliques, assigns the rest vertices to clos-
est kernels, and then merges fractional communities. Works such as [33] [22] and
[23] are based on Newman’s modulairty. Baumes et al. [3][4] propose two heuris-
tics to detect locally dense subgraphs as communities. Two different subgraphs
with significant overlap can be both locally optimal and thus they are overlap-
ping communities. The first heuristic tries to find disjoined clusters by deleting
high-ranking vertices and then adds the deleted vertices to one or more clusters.
The second one starts from randomly chosen seeds and then adds or deletes one
vertex at a time till the density metric cannot be improved further. Goldberg et
al. [21] propose an additional requirement which requires the community to be
a connected sub-graph. They modify Baumes’ iterative scan algorithm [3] to be
able to examine the connectivity of the cluster found, and they manage the large
number of overlapping communities by post processing the results and merging
the most similar communities. Palla et al. [19] propose the clique percolation
method(CMP) which finds all cliques of size k and communities are detected
by finding connected union of k-cliques. It ’s based on an assumption that the
network must have a large quantity of similar cliques. Chen et al. [6] detect
overlapping communities utilizing concept from game theory. Lancichinetti et
al. [24] and Michele et al. [9] locate communities locally. Lancichinetti et al. [26],
considering various networks features, present a method called Order Statisti-
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cal Local Optimization Method. It can be applied to weighted, directed graphs
besides simple graphs. The hierarchical structures can be detected. Zhang et
al. [45] propose a method that combines spectral mapping, fuzzy clustering and
the optimization of a quality function. Ahn et al. [1] define clusters as sets of
edges. They propose to group edges with an agglomerative hierarchical clustering
technique. Jierui and Boleslaw [43] propose Speaker-listener Label Propagation
Algorithm for overlapping community detection in large-scale networks. Some
other works solve the problem from others perspectives such as [46][37].

3 Algorithm

3.1 Background

In this paper, we adopt the fundamental clustering techniques and force-directed
notions. We introduce the basis before we introduce our algorithm.

force-directed algorithms The idea of force-directed algorithms is to achieve a
”aesthetically pleasing” graph layout by simulating the whole graph as a physical
system. Edges in the graph are replaced with springs and apply forces to vertices.
Vertices are pulled closer together or pushed further apart. The positions of the
vertices are adjusted and this procedure continues until the the system comes
to an equilibrium state. Especially, Fruchterman and Reingold’s force-directed
algorithm [18] aims at even vertex distribution as well. They define attractive
force and repulsive force as

fa(d) = d2/k
fr(d) = −k2/d

where k = C
√

area
number of vertices , and d is the distance between every pair of ver-

tices. area is the windows size for display the graph. In addition to the iteratively
replacements of the vertices, Fruchterman and Reingold also add the technique
of temperature control to control the degree of replacement. This practice is a
special case of simulated annealing.

k-clustering K-means clustering [28] is one of the state-of-the-art clustering
methods in data mining. It partitions objects to k clustering, assign each object
the cluster with the nearest mean and adjust their membership till optimum
is achieved. Given a set of objects (x1, x2, ..., xn), k-means clustering algorithm
allocates objects to k clusters such that the within-cluster sum of squares is
minimized. The within-cluster sum of squares is defined as:

c∑
i=1

∑
k∈Ci

||xk − µi||2

where Ci is the i-th cluster which contains a set of objects, and µi is the mean

for cluster i: µi =
∑Ni

k=1 xk

Ni
, xk ∈ Ci, Ni = |Ci|
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As a soft version of k-means, Fuzzy C-means clustering (FCM ) [5] assigns
each object a fuzzy degree of belonging to each cluster. Instead of belonging
to only one cluster, objects classified via this algorithm can belong to several
clusters with different strengths. Similar to k-means algorithm, FCM classifies
the nodes to clusters to minimized the objective function:

c∑
i=1

N∑
k=1

(uik)m||xk − µi||2C

where µiis the center of the i-th cluster, and uik is a function defined as:
1∑c

j=1(d(ck, x)/d(cj , x))
2

m−1

where d() is the distance function and m is a fuzzifier.
As a general version of k-means, Expectation-maximization algorithm (EM )

[11] models clusters using statistic distributions. Starting with an initial guess
for the parameters of the cluster probabilities, the mean and covariance of the
objects in the cluster, EM iterates an expectation step (E-step) to compute the
probability of the objects being drawn from the distributions of classes, and a
maximization step (M-step) to re-compute the parameters until convergence.
The reason we adopt k-means, rather than EM is that k-means is effective
enough for this problem and k-means is more efficient. We will experimentally
show this in Section 5.

3.2 Algorithm

We propose an algorithm that can systematically enumerating all possible num-
ber of clusters for the solution and find the one with which the clustering has the
highest modularity. Therefore, theoretically the algorithm iterates by changing
the value of k from 1 to |V | which is the number of vertices in the network. We
will show the changes of modularity with the change of k value. If the number
of clusters is prior knowledge, we can set the number of iterations to be 1 to
directly cluster the graph with the specific number of communities.

Our method starts from the FR algorithm which transforms the graph into
the Euclidean space and places the vertices in the ”right” place before clustering.
The inputs for the algorithm are the edges of the graph only. Output is the coor-
dinates of vertices in Euclidean Space. Then we sort the degrees of the vertices
and initialize the centers of the clusters for the clustering by the vertices with
highest degrees. The idea is that the vertices with high degree have higher chance
of being the community centers. This is similar to the idea of star clustering, but
different in that it’s not determinant here. The centers may change during the
clustering. We refine the clusters after the data clustering in Euclidean space. If
there’s any vertex that doesn’t have any connection with other vertices in the
same cluster, or it has less connections inside its cluster than outside its cluster,
then it will be grouped to the cluster where it has the maximum number of
connections. In other words, this vertex will be grouped to the cluster that has



6 Yi Song and Stéphane Bressan

most immediate neighbors. The refinement process may change the number of
clusters, which is actually good for those who only roughly know the number of
clusters. They can input the maximum number of clusters they believe and let
our method find out the exact number of clusters in the network without trying
all the value of k from 1 to |V |.

Algorithm 1: Force-directed Layout Community Detection Algorithm

Input: graph G with n vertices, the number of trials t, t ≤ n.;
Result: Clusters Ci, i ∈ (1, 2, ..., k′)

1 v = Fruchterman Reingold(G), v ∈ Rn∗2, v =[v1;v2;...;vn];
2 Sort degree(G);
3 k ← 1;
4 for each k ≤ t do
5 C′i = K-means(v);
6 Ci = Refinement(C′i);
7 Calculate modularity and record the maximum;

8 end
9 Return Ci,i ∈ (1, 2, ..., k′) with the maximum modularity;

Algorithm 2: Refinement

Input: Clusters Ci, i ∈ (1, 2, ..., k);
Result: Clusters C′i, i ∈ (1, 2, ..., k′);

1 for i from 1 to k do
2 for v ∈ Ci do
3 find the cluster Cj where v has the maximum number of immediate

neighbors;
4 if i 6= j then
5 Cluster v into Cj ;
6 end

7 end

8 end
9 Return C′i,i ∈ (1, 2, ..., k′);

We name the above algorithm FR-KM for the experiments. The other two
versions of the algorithm are similar to FR-KM but depend on different cluster-
ing methods. Thus we name the one using expectation-maximization algorithm
FR-EM and the one using fuzzy c-means algorithm FR-FCM. For FR-FCM,
there’s no refinement of the memberships for the vertices, since we intend to
deal with overlapping community.

The modularity we use is the same as [31], defined as

modularity =
1

2m
Σi,j∈V (Aij −

kikj
2m

)δ(ci, cj)

where Aij = 1 if i and j are connected, otherwise Aij = 0, and δ(ci, cj) = 1 if i
and j belong to the same cluster, otherwise δ(ci, cj) = 0.
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4 Experiment

We conduct experiments on both synthetic graphs and real world data including
two benchmark graphs for community detection algorithm. The experiments ran
on an Inter Core, 2 Quad CPU, 2.83GHz, 2GB machine running Windows 8 OS.
The algorithms are implemented in C.

4.1 Data Description

We use a batch of benchmark graphs [25] to evaluate the effectiveness of our
method. These benchmark graphs are generated with known community struc-
ture including number of vertices, the average degree, maximum degree, mini-
mum and maximum size of micro and macro community due to the hierarchical
structure, the number of overlapping vertices and fraction of edges between ver-
tices belonging to same/different communities. In our experiments, we generate
graphs with 2000 vertices and different average degrees while the other param-
eter are the same. They have no overlapping communities.

The real-world benchmark graphs we use are Zachary’s Karate Club data and
American College Football data. They are widely used for evaluating community
detection algorithms. We also test on the Email-URV data set, Wikipedia data
set, and Facebook data set. They represent large online social network data.

Karate Club data is a social network of karate club members studied by
the sociologist Wayne Zachary. The network has 34 members (vertices) and they
separated into two different groups due to a controversy between one of the
instructors and administrator of the club.

American College Football data is a network with 115 teams which are
separated into 12 conferences. Each team represents a vertex and an edge ex-
ists between a pair of nodes if there is match between two teams. Community
structural property exists in this network because there are more games hap-
pen among teams within the same conference rather than teams from different
conferences.

Email-URV data , collected by Guimer et al. [10], contains user-to-user
(address- to-address) links from the network of e-mail interchanges among faculty
and graduate students at Rovira i Virgili University of Tarragona, Spain. It’s
available on Alex Arenas Website [15]. It has 1,133 vertices and 5,451 edges.

Wikipedia data , collected by Leskove et al. [27], contains user-to-user (who-
vote- whom) links from Wikipedia network. It’s available on SNAP website [39].
The graph is directed. It has 7,066 vertices and 100,736 edges. Each vertex
represents a user. An edge is created from a user to a candidate if a user votes
for Wikipedia admin candidates.

Facebook data , collected by Viswa-nath et al. [41], contains user-to-user
links from Facebook New Orleans networks. It’s available on MPI [30]. The
graph has 90,269 vertices and 3,646,662 edges. Each vertex represents a user.
An edge exists if two users are friends.
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4.2 Analysis of non-overlapping community detection

We compare our method with the algorithm of Girvan and Newman(GN ) [20][31],
one of the state-of-the-art algorithms in community detection. Modularity is first
proposed in this algorithm. We also compare our method with Walktrap algo-
rithm [34] and InfoMap algorithm [36], which has been shown to perform quite
well for community detection [17]. Walktrap is based on random walk while
InfoMap is based on information theory.

Table 1 shows the performance of the algorithms. In this comparison, we
use the normal two dimension FR algorithm with its iteration equal 400 for
KarateClub and AmericanFootball data and 1000 for EmailURV data, and the
number of trials is set to 30. For all three graphs, our method produces partitions
with highest modularity among the four algorithms. Although Walktrap and
InfoMap are faster than our method and GN is faster than our method for
smaller graphs, the running time of our method is still tolerable. As the size of
graph becomes larger, our method becomes faster. If the number of clusters is
known in advance, then the number of trial is 1 instead of 30 that we set. If so,
our method takes much less time. GN is much slower for larger graphs. For the
other two real-world data sets, Wiki-Vote and Facebook, we are unable to make
the comparison due to GN ’s scalability, but we will show the running time of
clustering these two graphs by our method.

Table 1. Performance Comparison between FR-EM,FR-KM and GN

KarateClub AmericanFootball EmailURV

modularity running time modularity running time modularity running time

GN 0.4013 0.016 0.5976 1.014 0.5323 3193.532

Walktrap 0.3944 0.0000001 0.6015 0.015 0.5250 0.92

InfoMap 0.402038 0.015 0.599176 0.047000 0.521420 5.912000

FR-KM 0.417406 0.020000 0.601731 2.179000 0.542659 15.388000

Figure 1 shows the performance comparison between multiple dimension FR-
KM and GN. We extend the normal two dimension FR algorithm to one dimen-
sion and three, four, five dimensions. We set the number of trials 30. For karate
club data, the number of trial is equal to its number of vertices 34. We run each
FR-KM with the number of iterations of FR changing from 100 to 2000 with
interval 100. As we can see, the larger the number of iterations of FR-KM, the
longer time it takes. However, the number of iterations of FR doesn’t have deci-
sive influence on the modularity. This suggests that there is no need to increase
the number of iterations to get higher modularity. In terms of dimension, we find
that for small graphs, projecting them to one dimension or three dimension may
get higher modularity sometimes, but for large graphs, the two dimension FR-
KM performs best. It’s faster and clusters graph with higher modularity. That
is why we shall adopt the normal two dimension FR in our algorithm when it
comes to large graphs. Comparing FR-KM with GN, FR-KM outperforms in
both effectiveness and efficiency with large graphs.
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Fig. 1. Performance Comparison between multiple dimension FR-KM and GN

Figure 2(a) shows the communities when the Zachary’s Karate Club network
is divided into two clusters. The divergence of classification among many com-
munity detection algorithms often happens on the classification of vertices 3, 9,
10, 14 and 31 [24]. We believe our partition is reasonable because the vertices in
controversy classified in this way have more inner group connections.

In Figure 2 (b) the graph is clustered into 4 groups. It is shown in Figure 3 (a)
that in this case, the modularity is the highest. It indicates that some members in
a group may better connect with some of the members than other members in the
same group. Chen et al.’s algorithm [6] clusters this data into 6 groups. However,
the small group phenomena is unverifiable from the existing information.

1

2

3
4

56
7

8

9

10

11

12

13

14

1516

17

18

19

20

21

22

23

24

25

26

27

2829

30

31

32

33

34

(a) k=2

1

2

3
4

56
7

8

9

10

11

12

13

14

1516

17

18

19

20

21

22

23

24

25

26

27

2829

30

31

32

33

34

(b) k=4

Fig. 2. Clustering of Zachary’s Karate Club data
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Figure 3 (b) shows the modularity for American Football data when the
initial input number of clusters, k, is different. The final number of clusters
may be different from the values of k on X-axis here. Our method changes the
number of clusters during cluster refinements, which produces local optimum
number of clusters. Therefore, we can see from the result that the trend of the
line is horizontal in general. This suggests that even without knowing the number
of clusters beforehand, we can find a local optimum around initial k value. This
local maximum is probably the global optimum or close to the global optimum.
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Figure 4 shows the 11 clusters found from American Football network data.
This partition has the highest modularity among all the partitions with different
number of clusters. Though in fact there are 12 teams in this network, which
indicates 12 clusters, our method only misses one of them.
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Clustering results of Zachary’s karate club and American College Football
illustrate the effectiveness of our method. Clustering results of the following
three large social networks illustrate the efficiency of our method.
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Fig. 5. Modularity for varying number of clusters for Email-URV network and for
Wiki-Vote network

Figure 5(a) shows the modularity for varying initial number of clusters for
Email-URV network. Figure 5(b) shows the modularity for varying number of
clusters for Wiki-Vote network.

Figure 6 shows the computation time for varying number of clusters for
Email-URV data, Wiki-Vote data and Facebook data. For each data set, the
time for projecting the graph onto Euclidean space is the same, but the clustering
time differs. For Facebook data, the computation time for graph layout is about
248.774 seconds, which is about 1/3 to 1/4 of the total time to cluster the graph
once. KM computation time keeps the same in general as the initial number of
clusters increases while EM ’s computation time linearly increases as the initial
number of clusters increases. Compared with KM, EM takes much more time.
The trends are similar among results for the three data sets.
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We compare our method with GN, InfoMap and WalkTrap algorithm, and
two other community detection algorithms, CFinder [19] and GameTheory al-
gorithm [6]. Figure 7 shows the precision achieved by the algorithms on the gen-
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erated graphs with different average degrees. Since the community structures
are known, precision is obtained by counting the number of correctly clustered
vertices. From the results we can see that our method outperforms the CFinder,
GN and InfoMap, and produces results comparable with GameTheory algorithm
and WalkTrap. The reason for CFinder having the low precision may be that
not every vertex in the graph are clustered. The clusters consists of 3-cliques
only in our experiment. The reason for InfoMap having the low precision may
be that the number of community this method detects is large and most of the
communities are of small size. Many communities are of size of two vertices only.

4.3 Analysis of overlapping community detection

In Figure 8 we show that integrating soft clustering algorithm, FCM, in our
algorithm, we find that the two communities are overlapping on four vertices
(vertex 3, 9, 10, 31) that are marked both in green and blue. This is under the
assumption that if the membership strength is larger than 0.8, then the vertex
belongs to that cluster only. Figure 9 shows the membership strength of each
vertex to each cluster. If we take 0.7 as a threshold for belonging strength, then
the clusters will have more overlapping vertices. [24] points out that vertex 3,
9, 10, 14 and 31 are often misclassified by traditional algorithms. We believe
that vertex 3, 9, 14 and 31 are shared between the two groups if overlapping is
allowed.

4.4 Complexity

Our method’s capability of working with large social network data contributes to
low complexities of the basic techniques we utilize. FR’s complexity is t∗(O|E|+
O(|V |2)), where |E| is the number of edges, |V | is the number of vertices and t is
the number of iteration. Time complexity of k-means clustering is O(|V | ∗ k ∗ t),
where |V | is the number of vertices and t is number of iterations. Time complexity
of refinement is O(|V |2), since we check each vertex’s immediate neighbors, the
number of which is at most |V | − 1. Therefore, for the whole algorithm, time
complexity is t ∗ (O|E|+O(|V |2)) +O(|V | ∗ k ∗ t) +O(|V |2). For large networks,
|V | and |E| are the most significant elements that affect time complexity.

5 Conclusions

In this paper, we propose a graph-layout based community detection algorithm.
We use Fruchterman-Reingold algorithm to project the graph onto a Euclidean
space, and cluster the vertices according to their Euclidean distance. For non-
overlapping community detection we use k-means clustering. For overlapping
community detection we use fuzzy c-means clustering. Then we refer to the
original graph information to refine the communities detected. We evaluate the
effectiveness and efficiency on both real-world data and synthetic data. We mea-
sure effectiveness by modularity and precision. We measure efficiency by running
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Fig. 8. Zachary’s Karate Club data is partitioned
into overlapping clusters

vertexID C1 C2

1 0.996227 0.003773
2 0.940114 0.059886
3 0.598883 0.401117
4 0.882118 0.117882
5 0.929731 0.070269
6 0.823111 0.176889
7 0.863318 0.136682
8 0.809490 0.190510
9 0.473149 0.526851
10 0.344961 0.655039
11 0.865513 0.134487
12 0.914518 0.085482
13 0.877715 0.122285
14 0.771624 0.228376
15 0.045550 0.954450
16 0.045550 0.954450
17 0.751788 0.248212
18 0.931399 0.068601
19 0.223629 0.776371
20 0.797011 0.202989
21 0.045550 0.954450
22 0.974779 0.025221
23 0.045550 0.954450
24 0.023890 0.976110
25 0.061673 0.938327
26 0.045550 0.954450
27 0.045550 0.954450
28 0.157053 0.842947
29 0.293805 0.706195
30 0.045550 0.954450
31 0.427176 0.572824
32 0.151637 0.848363
33 0.022016 0.977984
34 0.029300 0.970700

Fig. 9. membership strength

time. For disjoint community detection, the results show that FR-KM is more
effective on both small graphs and large graphs than GN, and is much more effi-
cient than GN on large networks. FR-KM is also more effective than Walktrap
and InfoMap algorithms in terms of modularity. Compared with GN, CFinder,
InfoMap, WalkTrap and Gametheory algorithms on the synthetic graphs with
known communities in advance, our method is more effective than GN and
CFinder and has good performance comparable with WalkTrap Game Theory
algorithm according to the results of precision. For overlapping detection, the
result for Karate Club data shows that FR-FCM is reasonably effective.
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