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Abstract

Discovering community structure is one of the most intensively studied problems in network
science. Many real networks are composed of nodes belonging to multiple communities. In this
manuscript, a new overlapping community detection algorithm is proposed based on neutrosophic
set (NS) theory. The proposed community detection method manages uncertainty arisen from
imprecise definition of communities, by handling boundary and outlier nodes. In the first step, the
proposed algorithm calculates the dissimilarity index between each pair of nodes in the network.
Then, in order to keep the original distance between nodes as much as possible, the network
structure is mapped into a low-dimensional space by multidimensional scaling. Finally, the
neutrosophic c-means algorithm is employed to find communities in the network. The
experimental results show that the proposed algorithm can detect communities on real and artificial
datasets effectively and accurately.

Keywords: Overlapping community detection, Neutrosophic theory, multidimensional scaling,
fuzzy c-means

1. Introduction

In nature and society, many real networks containing large number of entities and interaction
among them, can be described as complex networks[1, 2]. Examples include the Internet, power
grids, transportation systems, water distribution systems, social networks and biochemical
networks. Real networks often share some common properties, such as small-worldness, scale-
free degree distribution, rich club and community structure. A community is made of a group (or
cluster) of nodes within which the links between nodes are densely connected to each other, while
nodes within a community are sparsely connected with other communities[3]. Detecting
community structure in a network has important practical applications and can help understanding
and analyzing the network system. For example, on the World Wide Web, topically related pages
may link more densely among themselves [4] and society is organized into groups, friendship
circles, families, villages and associations [5].
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Network communities can be categorized as disjoint and overlapping. Disjoint communities do
not share any common nodes, while overlapping communities might have some nodes shared
between communities. Majority of the existing community detection algorithms have been
originally proposed for disjoint communities, where each node is assigned to only a single
community [6-9] . Detecting overlapping communities is an important topic in complex network
analysis and Overlapping nodes may play a special role in a network system [10, 11]. In recent
years, many algorithms have been proposed for detecting overlapping communities, such as Clique
Percolation Method (CPM), which is based on this idea that the internal links of a community
tends to construct cliques because of their high density [12] , Link partitioning where the idea is
partitioning the set of links rather than the set of nodes [13] , density peaks based algorithms[14],
Local expansion and optimization algorithms [15, 16], Label(or degree) Propagation Approach
(LPA) [17, 18] , methods based on fuzzy relations and theory[19] , and matrix factorization based
methods [20].

Overlapping community detection can be classified to fuzzy and non-fuzzy (crisp) methods. Non-
fuzzy methods assume that a node either belongs to a community or it does not. However, fuzzy
methods assume that a node may participate in several communities with varying degrees. For
example, in a collaboration network of researchers, the overlapping may be fuzzy because a
researcher who belongs to several communities cannot be fully involved with all of them, as a
result of limited time and resources. The result of fuzzy community detection methods is a
stochastic membership matrix that describes the probability of belonging every node to different
communities [21]. Fuzzy methods for finding overlapping communities can be divided into four
categories, as:

a) Methods based on non-negative matrix factorization (NMF)[22]
b) Methods based on modularity optimization [23]

¢) Fuzzy relation-based methods [24]

d) Combined methods based on fuzzy c-means [21, 25-27]

Of these four categories, the last category has been the subject of much research in recent years.
Zhang et al [21] mapped the network in an Euclidean space by spectral mapping and used the
FCM to detect communities. In [25] a fuzzy community detection algorithm has been proposed
based on local random walk (LRW) and a new distance metric. This method first calculates the
dissimilarity index between nodes using the new distance measurement and then the network
structure is mapped into a low-dimensional space by multidimensional scaling (MDS). Finally,
FCM is employed to find fuzzy communities in a network. Deng et al [26] proposed a new method
based on label propagation and fuzzy c-means algorithm. Firstly, the labels are initialized using
the neighborhood evaluation method. Secondly, the nodes with diversity degree in each
community are selected to change their labels by fuzzy c-means. In this algorithm the fuzzy c-
means parameters are updated during iteration. In [27], an ant-based algorithm together with FCM
has been proposed. In this method FCM is used to fine-tune the solution in final step. However,
all of these methods still suffer from the drawbacks of FCM algorithm, such as trapping in a local
optima, dependence of results on initialization, sensitivity to the presence of noise, and inability to
distinguish between equally highly likely and highly unlikely [28].



Neutrosophy theory was proposed by Smarandache in 1995. It is a new branch of philosophy
dealing with the origin, nature and scope of neutralities, and their interactions ideational spectra
[29] . Neutrosophic theory provides a powerful tool to deal with the indeterminacy, and has found
practical applications in various fields, such as data clustering [28] , image segmentation [30], and
semantic web services [31].

In this paper, a new community detection algorithm is proposed based on neutrosophic set; the
algorithm is named Neutrosophic c-means Community Detection (NCD). This algorithm consists
of three steps. Firstly, the node distance matrix is calculated based on a new distance criterion. The
network nodes are then mapped in a Euclidean space by MDS algorithm. Finally, the
Neuromorphic c-means algorithm is applied to the existing points in the Euclidean space and the
membership matrix is obtained. By applying a threshold to membership matrix values, one can
detect non-fuzzy overlapping communities. The main motivation of this work is to handle
overlapping nodes by using indeterminacy set (I) and detect outlier nodes by falsity set (F). NCD
algorithm calculates the degrees belonging to three sets T, [ and F for each node of network. T, I
and F are considered as the membership degrees to determinant, indeterminacy and outlier
communities, respectively. Indeterminacy community allows us to consider the nodes that are
lying near the community boundary and outlier community allows us to reject the nodes that are
far from the center of communities. The membership degrees to the indeterminacy and outlier
communities are learned during the iterations of the algorithm.

The main contributions are summarized as follows:

1- This paper proposes a novel method to uncover overlapping communities based on
Neutrosophic theory. The traditional fuzzy overlapping community detection methods only
describe the membership degree to every community. For some nodes in the boundary
regions and the outliers, it is difficult determine which community is belongs to. Moreover,
the membership degrees of such nodes make the centers of community inaccurate. The
proposed method overcome this problem.

2- The proposed method uses neutrosophic theory in the third phase of the algorithm, which
enables this method to detect overlapping nodes and outliers using indeterminacy and
falsity sets.

3- The proposed algorithm consists of three steps: In the first step, a new formula proposed
for calculating the distance matrix elements. In the second step, based on the obtained
matrix, the input network is mapped to a Euclidean space, and in the third step, overlapping
communities are obtained according to the membership values obtained from the
neutrosophic c-means algorithm.

Compared to existing methods, NCD can effectively detect and handle atypical nodes such outliers
and boundary, and the adverse effect of such nodes on the calculation of community centers is
reduced.



The rest of the paper is organized as follows. FCM algorithm and NS theory are reviewed in section
2. The NCD algorithm is described in section 3. Experimental results of the proposed algorithm
are illustrated in section 4. Finally, Section 5 concludes the paper.

2. Neutrosophic set and fuzzy c-means

The proposed method in this paper is derived from neutrosophic set and fuzzy c-means concepts.
In this section, these concepts are introduced.

2.1 Neutrosophic set

Uncertainty is lack of certainty in a system or problem that can make it difficult, if not impossible,
to describe the outcome. A number of theories have been introduced to deal with uncertainties and
imprecision enclosed in real-world systems. Examples include probability theory, fuzzy set theory,
intuitionistic fuzzy sets, and rough set theory. Such methods fail to deal with indeterminate and
inconsistent information. To outcome this drawback, Neutrosophic set (NS) theory was proposed
as a generalization of intuitionistic fuzzy set theory [29] . This mathematical tool is described by
three membership functions namely truth-membership (T'), falsity membership (F) and
indeterminacy-membership (/). In this framework the quantification of indeterminacy is explicit
and determined by the value of indeterminacy-membership. Generally, in a neutrosophic set S,
each element e is expressed as e (¢, i, f) which means that it is % true, i% indeterminacy, and /%
false. In each application, the concept behind true, false and indeterminacy is proposed by domain
experts [32].

2.2 fuzzy c-means

Fuzzy c-means (FCM) [33] is one of the most widely used clustering algorithms where each data
point has a certain membership degree of belonging to different clusters. Given X = {xq, x5, ..., X}
be a dataset, and ¢ (2 < ¢ < n) be the desired number of clusters, FCM returns a list of C cluster
centers C = {¢y, ¢y, ...,Cc}, and a membership matrix M = {u;;|p;; € [0,1],i =1,2,...,n,j =
1,2, ..., c} where p;; denotes the membership degree of node i to cluster j. FCM minimizes an
objective function J,,,,

Jm = By X5 (i)™ || = Cj”2 (1)

where m is a hyper-parameter that controls the fuzziness level of the algorithm, and x; — ¢; is the
distance between the centers of the i-th and j-th clusters[33].

Fuzzy clustering is carried out through an iterative optimization of the objective function, and the
membership ;; and cluster centers ¢; are updated in each iteration by:
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The iteration will not stop until max{ /,LS-HD — yi(]'.‘) } < &, where € is a small quantity, and & is
L

the iteration step. This procedure converges to a local minimum or a saddle point of J,,,. Finally,

each data point is assigned to a distinct cluster according to the membership degree[33].

3. Proposed method

In this section, the proposed algorithm, Neutrosophic c-means Community Detection (NCD), is
introduced and discussed in detail. The algorithm consists of three phases: (i) computing the
pairwise node similarity and construct a distance matrix of the network; (i1) embedding the nodes
into a 2-D space by multi-dimensional scaling (MDS) method; and (iii) clustering the nodes by
using Neutrosophic FCM. Fig. 1 shows flowchart of the NCD algorithm.
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Figure 1: Flowchart of the proposed method



3.1 Computing distance matrix based on Local random walk

In this phase, we first calculate the similarity of each pair of nodes and then compute the distance
between them by a simple subtracting operation. There are several approaches for computing node
similarity. One group is node-dependent and require only local topology information like degree
and the nearest neighborhood. Examples of such methods include Common Neighbors algorithm
[34], Resource Allocation index and Local Path index [35]. Second group is path-dependent and
exploits the global knowledge of the network topology. Examples include Average Commute Time
(ACT) [36] and Random Walk with Restart (RWR) [37]. Third group comes under hybrid category
and exploits the advantages of local and global features of the network. The hybrid methods do
not require the complete network structure, and thus are less complex compared to the method
requiring global information. Being more complex than local methods, hybrid methods give more
accurate results. In this paper we use SRW [38] for calculating similarity of node pairs, because of
its lower computational complexity and good accuracy. Given a random walker starting from node
i let’s denote 7;;(t) as the probability that this walker locates at node j after ¢ steps. The evolution

equation can be presented as
() = PTR(t— 1) )

where 7;(0) = &; , P is transition probability matrix, and T is the matrix transposition[38]. LRW
index at time step t is thus defined as

LRW(t) — 1 (0) + = 1 (0), Q)

2|E| 2|E|

where k, denotes the degree of node x, and |E| is the number of edges in the network. Superposed
Random Walk (SRW) index assumes that the random walkers are continuously released from the
starting point, resulting in a higher similarity between the target node and the nodes nearby. SRW
is defined as[38]:

sif () = iz s (D) (6)
Using the above relationships, we define the distance matrix D = d;; of the network as:

SMONEY
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3.2 Network embedding by Multidimensional scaling (MDS) algorithm

Multidimensional scaling (MDS) [39] is a dimensionality reduction technique used to map a
multidimensional data into a low dimension space such that the distance matrix in the original data
is preserved. Here, we use MDS algorithm for placing each node of network into a 2-D space such
that the distances between the nodes are preserved as much as possible. Given distance matrix D €
R™ ™ as the input of MDS algorithm, d;; denotes the pairwise distance between nodes i and j. The
steps of MDS algorithm are described as follows:



1. Compute the squared distance matrix D® = [dl-zj]
2. Apply double centering to D as B = — % JD@J using the centering matrix = I — %HT

, where n is the number of nodes, I is the identity matrix, and 1 is a n-dimensional column
vector with each entry being 1.

3. Determine the m largest eigenvalues A;,4,,...,4, and corresponding eigenvectors
1,6y, ..., ey of B (where m is the number of dimensions disired for the output, here m =
2)

4. The resulting coordinate matrix X can be obtained via X = EmA}n/Z, where E,, is the matrix
of m eigenvectors of B.

The coordinate matrix X contains the coordinates of nodes in a 2-D space. In this way, the
information of an m-by-m space is mapped onto an m-by-2 space (m is the number of nodes in the
network).

3.3 Community detection by Neutrosophic c-means

In this phase, neutrosophic c-means algorithm is applied to the embedded vector to extract the
overlapping communities. A new community detection method is proposed derived from NS and
FCM. Here, we consider not only the degree by which nodes belong to determinate communities,
but also the degree of belonging to the indeterminate communities. Given T be the degree of
belonging to determinant communities, I be the degree to the boundary regions, and F be the
degree belonging to outlier region, we use the objective function proposed in [28] :

m 2 _
J(T,LF,C) =3, Y5 (@ Ty) " |lxi — || + Xy @2l) ™ 1x; — i maxll? + 24 82 (@3 F)™
(8)
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where m is a constant real number, § is used to control the number of outliers, @; is the weight
factor, T;; is the degree of membership of node i to the determinant community j, max1 and max2
are the community indexes of the biggest and second biggest value of Tj;. C; ynqx 18 the average of
the centers of two communities ;4,1 and C,qx2, Which is a constant number for each node i, ;
and F; are the membership degrees belonging to overlapping regions and outlier set, 0 <
Tij, I;, F; < 1, and satisfy with following formula:

Zj:l Tl] + Ii + Fi =1 (12)

After constructing the Lagrange objective function and using some operations to minimize it, the
following relationships are obtained [28]:



3@ T ™

P = 13
g T @ Ti)™ (13)
Ty = o (x = ) ~@/mD (14)
1
K — — —
Ii = w_z (xi -G max) (2/m=1) (15)
— K s-@2/m-1)
F=%Xs (16)

w3

The clustering is carried out through an iterative optimization of the objective function, and the

membership T;; , I;, F; and the community centers c; are updated by Eqs. 13-16 at each iteration.
(k+1) (k)

T, j -T, i

The iteration will not stop until < &, where ¢ is a termination criterion between 0

and 1, and k is iteration step. Finally, each node is assigned into the community with the biggest
TM = [T, I, F] value.

According to the above equations, the third phase (neutrosophic c-means) can be summarized in
the following steps:

1- Initialize k, m, 6, €, @,, @W,, W3 parameters

2- Initialize T, I, and F in time 0 randomly

3- Calculate the centers of communities using Eq. 13

4- Compute C; ;uqx according to indexes of the largest and second largest value of T
5- Compute Ty 41, [x4+1, Fr4q using Eq. 14, 15, 16

6- If |Ty41 — Ti| < € then stop; otherwise return to step 3.

7- Assign each data into the class with biggest TM = [T, I, F] value.

It is important to mention that the parameterization of the methods is a fundamental
step in the execution of this method, the main parameters of NCD algorithm, which are used in
three phases, are listed in table 1. The first parameter is t that defines the number of random walk
steps in phase 1. The experiments on synthetic and real-world networks used in this work suggest
that acceptable results can be obtained despite having the number of random walk steps smaller
than the diameter of the network. Thus, we set the diameter of the network as the number of random
walk steps t in the experiments. The embedding dimension p is taken as 2 for reducing the
computational complexity in phase 2. To set the value for the rest of the parameters, we adopt the
strategy of maximizing the value of the modularity to determine the optimal value for parameters.

Table 1: The important parameters of the proposed algorithm

Phase | Parameter name Description
1 t The number of random walk steps
2 Embedding dimension

3

p
k The number of communities
m The fuzzification constant




€ Termination condition parameter
S Controls the number of outliers
W, Weight parameter for T set
W5 Weight parameter for [ set
W3 Weight parameter for F set

4. Experiments

In this section, we study the performance of NCD algorithm, and compare its performance with
state-of-the-art overlapping community detection algorithms. We first demonstrate the
performance of the NCD algorithm using two simple networks and then evaluate the performance
of the NCD on both synthetic and real-world networks. We also compare NCD algorithm with the
baseline algorithms in terms of running time. All experiments have been implemented with python
in a system 2.4 GHz cpu 16 Gb RAM. The details of the test settings are described in each section
separately.

4.1 Simple test networks
In this section, we use two simple networks to illustrate the performance of NCD. The first network
(netl) contains 10 nodes and two communities, node 5 is shared between two communities and
node 10 is not connected to the rest of the network, i.e., an outlier node (Fig. 2).

Figure 2: A sample network with node 5 in the overlap and node 10 as outlier

The values of T, I and F memberships are shown in Table 2, and the neutrosophic assignments for
nodes are presented in the last column. These assignments are obtained according to the maximum
value in each row. It can be seen that the two natural communities (c;, ¢,) are correctly detected.
Nodes 1, 2, 3 and 4 are assigned to community ¢; and nodes 6, 7, 8 and 9 are assigned to ¢, . Node
5 is assigned to the indeterminacy set, which indicates that this node is an overlapping node
between c; and c¢,. Node 10 is assigned to falsity set. It can be considered as an outlier node.

Table 2: Membership values obtained from applying NCD on net.1

point T(cy) T(cy) I F Community
1 0.9561 0.0047 | 0.0347 0.0043 c
2 0.9837 0.0017 | 0.0130 0.0014 c
3 0.8934 0.0107 | 0.0872 0.0085 [
4 0.5600 0.0448 | 0.3635 0.0314 c1




5 0.1100 0.1100 | 0.7108 0.0691 Overlapping node
6 0.0448 0.5600 | 0.3635 0.0314 [

7 0.0047 0.9561 0.0347 0.0043 C,

8 0.0017 0.9837 | 0.0130 0.0014 C,

9 0.0107 0.8934 | 0.0872 0.0085 [

10 0.0822 0.0822 | 0.1101 0.7253 Outlier node

We compare the results obtained by NCD with those of FCM [20], NMF [22] and LRW [25]
algorithms in terms of the degree of membership of nodes to communities. The membership values
generated by these algorithms are presented in Fig. 3. Every algorithm finds a reasonable
community structure of the network, but the overlapping and outlier nodes are assigned to the
communities. However, NCD is the only algorithm that is able to detect these conditions.

LRW; (d) result of NCD
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Figure 3: Community detection results on the simple network: (a) result of FCM; (b) result of NMF; (c) result of



The second network(net2) used here is a more complicated network composed of 16 nodes. It
contains three communities, two overlapping nodes (5,10) and two outlier nodes (16, 17). It is
shown in Fig. 4.

Figure 4: A sample network with node 5 in the overlap and node 10 as outlier

The results of applying NCD algorithm on net2 is shown in Table 3, indicating that NCD correctly
detected the three natural communities. Nodes 5 and 10 are assigned to indeterminacy set, which
indicates the overlapping nodes, and nodes 15 and 16 are assigned to falsity set as outlier nodes.
The membership values obtained by FCM, NMF, LRW and NCD algorithms are shown in Fig. 5.
It can be seen that NCD is the only algorithm that can detect overlapping and outlier nodes
correctly. Table 3 Shows the T, I and F membership values and the last column shows
neutrosophic community assignments for nodes.

Table 3: Membership values obtained from applying NCD on net.2

point T(cy) T(cy) T(c3) I F Community

1 0.9108 | 0.0109 | 0.0135 | 0.0458 | 0.0187 [

0.7233 | 0.0479 | 0.0441 | 0.1489 | 0.0356 [
3 0.6526 | 0.0459 | 0.0589 | 0.1890 | 0.0534 [
4 0.5175 | 0.0906 | 0.0864 | 0.2077 | 0.0705 cq
5 0.0990 | 0.0712 | 0.0373 | 0.6783 | 0.0840 I
6 0.1148 | 0.5754 | 0.1031 | 0.1361 0.0703 Cy
7 0.0352 | 0.8233 | 0.0371 | 0.0897 | 0.0145 Cy
8 0.0314 | 0.7788 | 0.0320 | 0.1039 | 0.0536 Cy
9 0.1066 | 0.5953 | 0.1151 | 0.1562 | 0.0772 Cy
10 0.0346 | 0.1139 | 0.1019 | 0.6605 | 0.0888 I
11 0.0962 | 0.1077 | 0.5360 | 0.1916 | 0.0682 C3
12 0.0585 | 0.0450 | 0.6302 | 0.2104 | 0.0467 C3
13 0.0505 | 0.0465 | 0.7446 | 0.1382 | 0.0200 C3
14 0.0313 | 0.0180 | 0.8683 | 0.0730 | 0.0730 C3
15 0.0837 | 0.0605 | 0.0919 | 0.1650 | 0.5988 F
16 0.0633 | 0.0678 | 0.0729 | 0.1174 | 0.6783 F
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Figure 5: Community detection results on the simple network: (a) result of FCM ; (b) result of NMF ; (¢) result of
LRW; (d) result of NCD

4.2 Synthetic networks

In this section, the performance of the algorithms is tested in two artificially constructed networks
obtained from the public LFR benchmark [40]. LFR benchmark model provides high flexibility to
control the structure of network by tuning different parameters, including the number of nodes n,
the average degree k, the minimum and maximum community size |C|mni, and |Clyqy, the
topological mixing parameter y, the number of nodes belonging to multiple communities O0,,. We
generate two benchmark networks with two values of the mixing parameter as ¢ = 0.1,0.3. The
first network contains 500 nodes and the second contains 1000 nodes. Table 4 lists the value of
other parameters we have used for generating the LFR networks.
We compare the NCD method with other approaches including the NMF [22], FCM [21], Local
Random Walk (LRW) [25], EADP[14] and MDPA[17] . The parameters of these algorithms are
set according to the reference of each. To specify the optimal number of communities We

conduct experiments using different numbers of communities and select the optimal number
according to the modularity.




To compare the detected overlapping community structure with the ground-truth, we use the
overlapping normalized mutual information (0NMI) measure[41] which is an information-
theoretic measure of the agreement between two overlapping community structures. The oNM1I
between a ground truth A and the community structure B obtained by an particular approach can

be defined as:

k k nN;;
-2 21:1 ngl NijIOg (Nll\;]])

oNMI(A,B) = N e
%2 Nilog (G + X2, Njlog ()

Where k, and kg denote the number of communities in A and B respectively, N € R¥4a*¥B is a
matrix with N;; being the number of nodes in the i-th community of A that appear in the j-th
community of B, N; is the sum over the i-th row of N, and N ; is the sum over the j-th column of
N. oNMI ranges from 0 to 1 and equals 1 in the perfect matching between detected overlapping
community structure and the ground-truth.

The oNMI obtained by proposed method and five baseline methods are presented in table 5 and
the bar plot of the oNMI values is shown in Fig. 6. It can be observed that the oNMI values
achieved by all algorithms decrease with the increase of the parameter u. Because with the
parameter yu increases, the networks are changing to highly overlapping and connection inside
communities are weaker for larger u. On the other hand, by increasing network size from 500
to 1000 typically results in slightly lower performance. We also found the NCD method performs
better than other methods in detecting overlapping communities in the tested networks. The reason
of this superiority is that NCD can detect overlapping nodes and outlier nodes with higher accuracy
by applying neutrosophic theory.

Table 4: The value of the parameters for generating LFR networks

Parameter Description Network 1 Network 2
n Number of nodes 500 1000
U Mixing parameter 0.1,0.3 0.1,0.3
k Average degree 10 10
|C|pin | Minimum community size 5 5
|Clpax | Maximum community size 15 15
T, Node degree distribution exp. 2 2
T, Community size distribution exp. 1 1
On Number of nodes belonging to multiple 50 100
communities
Om Maximum number of communities that 4 4
a node belongs to




Table 5: oONMI values obtained from NCD and baseline algorithms

u=0.1 u=0.3
Networkl(n = 500) | Network2(n = 1000) | Networkl(n = 500) | Network2(n = 1000)
NMF 0.7220 0.7560 0.6567 0.7125
FCM 0.7345 0.6632 0.7040 0.6509
LRW 0.7512 0.6576 0.7234 0.6234
EADP 0.7134 0.7200 0.6903 0.6495
MDPA 0.8390 0.7451 0.7671 0.6456
NCD 0.8567 0.8113 0.7890 0.7209

oNMI

Network 1

Networks

Network 2

a

0.8 1

0.7 1

0.6 1
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Figure 6: The oNMI values for two synthetic networks with u=0.1(a) and p= 0.3(b)




4.3 Real-world networks

To further test our proposed method, we consider 7 real-world networks including Zachary’s
Karate Club network[42], the Bottlenose Dolphins network[43], the Jazz musician network[44],
the American College Football network and Pol. Books [3], the GR-QC (General Relativity and
Quantum Cosmology) collaboration network, and the HEP-PH (High Energy Physics -
Phenomenology) collaboration network[45]. Detailed information on these networks is listed in
table 6.

The baseline algorithms are the same as those tested in the previous section. To evaluate the
proposed method and compare it with baseline algorithms, in this section we use extended
modularity measure to overlapping communities (Q,,)[46]. Q,, evaluates the quality of
overlapping communities from structure perspective, which is used for networks that their ground-
truth communities are unknown. Q,,, value varies from 0 to 1, and higher values of it indicate
stronger community structure. We ran every algorithm 50 times on each network and the average
value of Q,,, is recorded.

Table 6: Detailed information of the real benchmark datasets

Network Nodes Edges Description

Karate' 34 78 Social network of friendships between 34 members of a karate club at a
US university in the 1970s.

Dolphin! 62 159 between 62 dolphins in a community living off Doubtful Sound, New
Zealand.

Pol. Books! 105 441 A network of books about US politics sold by the online bookseller.

Edges between books represent frequent co-purchasing of books by the
same buyers.

Football! 115 613 Network of American football games between Division IA colleges
during regular season Fall 2000

Jazz! 198 2742 List of edges of the network of Jazz musicians

CA-GrQc? 5242 14496 Collaboration network of Arxiv General Relativity category. There is an
edge if authors coauthored at least
one paper.

CA-HepPh? 12008 118521 Collaboration network of Arxiv High Energy Physics Theory. There is

an edge if authors coauthored at least one paper

1. http://konect.cc/networks/
2. https://snap.stanford.edu/data/

Table 7 presents the average (,, value obtained by NCD and other methods on real-world
networks and in each row, the best case is bolded. According to Table 6, although NCD can’t
obtain the highest Q,, on all the real-world networks, it outperforms the baseline approaches in
most cases. As can be seen, NCD and MDPA exhibit relatively good performance among the five
baseline approaches. The results obtained by these two algorithms are close to each other in most
networks that have been tested. In the case of Network Pol. books, the result obtained by MDPA
is slightly better than the NCD algorithm. But in the case of the Jazz network, the difference
between the results is greater. This is due to the high average degree in the Jazz network, which
makes the network structure more complex in terms of community overlap. The bar plot of the
Q,, values is shown in fig 7.



Table 7: Q,y values obtained from applying each algorithm on real-world networks

Network NMF | FCM |LRW | EADP | MDPA | NCD

Karate 0.7155 | 0.6344 | 0.6364 | 0.7529 | 0.8302 | 0.8360
Dolphin 0.7462 | 0.7116 | 0.7169 | 0.7395 | 0.7459 | 0.7631
Pol. Books 0.5023 | 0.6900 | 0.6233 | 0.8342 | 0.8416 | 0.8320
Football 0.6521 | 0.6052 | 0.5206 | 0.6953 | 0.7350 | 0.7532
Jazz 0.7235 | 0.6455 | 0.7225 | 0.7322 | 0.7418 | 0.5309
CA-GrQc 0.5317 | 0.4808 | 0.4532 | 0.5020 | 0.5617 | 0.5814
CA-HepPh 0.2317 | 0.1841 | 0.2071 | 0.2560 | 0.2900 | 0.2914

. NMF

Karate Dolphin Pol. Books Football Jazz CAGrQc CAHepPh
Networks

Figure 7: The Q,, values for real networks

4.4 Running time
In this section, we compare NCD algorithm with the baseline algorithms in terms of running time.
We use the real datasets as discussed in the previous section and the experimental results are shown
in table 8. The main factor affecting the running time of the algorithms is the network size. As we
can see in table 8, the running time of algorithms increases as the network size increases. FCM
and NCD showed higher execution time compared to other algorithms. The main reason is that
FCM and NCD repeat the center computing process many times.

Table 8: Comparison of Running Time with Baseline Algorithms (in seconds)

Network NMF FCM LRW EADP MDPA NCD
Karate 3 5 3 2 2 5
Dolphin 3 6 3 3 2 7
Pol. Books 6 8 6 5 4 8




Football 10 12 10 8 8 13
Jazz 15 16 13 15 14 20
CA-GrQc 152 210 123 140 198 216
CA-HepPh 1623 1876 1670 1535 1658 1700

5. Conclusions

In this paper, an efficient community detection algorithm, Neutrosophic c-means Community
Detection algorithm (NCD), was introduced to overlapping community detection in complex
network. The main idea is to handle boundary and outlier nodes by using I and F sets in NS
domain. In this way, the effect of such nodes on reducing the accuracy of calculating the centers
of the clusters is avoided. NCD detects overlapping communities in three phases, firstly it
calculates the node distance matrix, in the second phase, MDS method is
used to map each node in the network into lower-dimensional space. Finally, the nodes are
clustered into communities by using neutrosophic c-means. In contrast with previous similar
methods, NCD has three advantages: (i) it is based on a new idea about network analysis, (ii) the
algorithm can effectively detect and handle atypical nodes such outliers and boundary nodes, and
(iii) the algorithm can obtain reasonable results, The efficiency of the proposed NCD algorithm is
tested on some synthetic and real-world networks. Experimental results show that the performance
of our algorithm is more efficient than performances other state of the art algorithms. The NCD
algorithm can be extended to directed and/or weighted networks. In addition, we plan
to apply the NCM to the signed networks in our future work.
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