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Introduction

The research field of network community detection
has grown significantly, leading to a great scale of
research. Today, most complex real-world systems in the
fields of biology, sociology, and engineering are studied
as networks of connected communities. Some examples
of networks are: collaboration networks, transportation
networks, the Internet, neural networks, social
networks, etc. [1].

Some approaches have been suggested to discover
communities, that indicate a wide importance of
communities for perceiving social networks and
discovering useful and hidden patterns in the
network [2]. The purpose of such analyses is to find a
group of users with common characteristics. Basically,
social networks are considered as graphs, so the analysis
is also accomplished using graph methods where nodes
represent people and edges represent the relationships
between them [3]. Most of the community detection
algorithms  exclusively use  network topology
information. Hierarchical clustering [4], [5], modularity
optimization [6]-[8], spectral clustering [9], [10] and
statistical inference [11], [12] have been investigated in
the literature.

It is infeasible or very hard to find optimal solutions
for all complex networks, and the value of a solution
relies on the algorithm and characteristics of the
intended network [1]. Due to the growing complexity of
the network and, as a result, the exponential growth of
the solution area, the classic methods are no longer
suitable. The approach to solve the community detection
problem can be based on heuristics or based on
optimization. Discovery-based community detection
algorithms are often based on quantitative assumptions,
such as Girvan-Newman's algorithm, where the
assumption is that edges between communities have
higher between-edge values compared to edges within
communities. Optimization-based community detection
algorithms deal with the maximization of an objective
function that gathers structural information in the
network [13]. Most evolutionary algorithms are
population-based algorithms that begin with a
population of accidental solutions. Afterward, the
population is progressed using a set of evolutionary
operators, such as mutation and recombination
operators to attain better results [14].

In this paper, a new algorithm based on a
combination of the bee colony algorithm and genetics is
introduced. In this method, the parallel technique has
been used to accelerate the optimization and it has also
been tried to cover the weaknesses of other methods.
One of the weaknesses is the fitness function, in most
approaches, modularity has been used, which suffers
from the limitation of clarity and cannot recognize

communities that are small in size, and considers it in
combination with large communities. Therefore, in this
method, the balanced modularity fitness function [15]
has been used. The proposed method using the
advantages of the genetic algorithm in creating an
efficient initial population and using operators in the
search of bees has led to great success in the detection
of communities.

Problem statement

G(V, E) denotes the input graph, where V is the set of
vertices and E is the set of edges. In the community
detection problem, the target is to detect a clustering C
={Cy,..., Cy} of the vertices, where the ratio of links inside
cluster C; is high compared to the ratio of links between
C; and other clusters. Suppose R = {Ry.., R}
demonstrates k feasible partitions for the input network
G. This problem is formulated as follows:

f(R") = maxf(R), (1)

in which R* € R is the desired partition, and f denotes the
fitness function [1].

Contribution

The community detection topic is a basic matter in
computer science because many network problems, like
discovering, etc.,, are similar to the subgraph
isomorphism matter that lately enjoyed a notable
interest [1]. Most approaches consider modularity as a
fitness function. Though modularity procedures suffer
from the resolution limitation. These procedures cannot
discover communities smaller than a threshold, and their
aim is to merge these into larger communities, which
leads to wrong conclusions [24]. To dominate the
resolution limitation of the methods that rely on
modularity fitness function, we exploit balanced
modularity [15].

In this paper, a new meta-heuristic algorithm based
on label propagation, locus-based adjacency
representation, genetic algorithm, bee colony algorithm,
and parallel processing is proposed for community
detection. At first, a population of solutions is formed
using locus-based adjacency representation and label
propagation based on a genetic algorithm. In the next
step, based on the combined meta-heuristic algorithm of
genetics and colony bees, it performs the optimization
process on the population. The main contributions are as
follows:

e Combined optimization of genetic algorithm and

bee colony.

e Reducing the problem search space by creating
the initial population based on label
propagation and locus-based adjacency

representation.
e Using the balanced modularity as the fitness
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function results in more natural communities
compared to the real ones.

e Converting locations from continuous values to
discrete values.

e Parallel processing capability of the proposed
algorithm.

e A general comparative analysis with other
community detection algorithms on different
types of real-world datasets.

The rest of this paper is organized as follows: Section
Related work reviews the background of community
detection. Section Background explains the introduction.
In the proposed method section, the BSOGA algorithm is
characterized, and its pseudocode is provided. Section
experiments demonstrate the effectiveness of BSOGA
using experiments. eventually, the conclusion is
presented in the section conclusion.

Related Work

Some algorithms have been suggested by researchers
to discover communities, which shows the wide range of
research in the field of identifying communities. Most of
the existing methods exclusively use network topology
information, including hierarchical clustering, spectral
clustering, Graph partitioning algorithms, modularity
optimization, and statistical inference. Hierarchical
clustering methods are proper for graphs that have
hierarchical structures [17].

The opinion of these methods is to create a binary
tree that combines the same partitions based on the
likeness between nodes. Blundell et al. [18] proposed an
aggregate hierarchical algorithm known as the “Leuven
method”. Their method first devotes each node to a
community, and next these communities are joined
together based on their likeness to form larger
communities. Li et al. [19] proposed a recursive
algorithm that divides the network into two subnetworks
and uses a spectral clustering procedure in each
iteration. This algorithm continues till a stopping
criterion is met, finally yielding a binary tree hierarchy.

Spectral clustering is another algorithm for
discovering communities. This method uses spectral
features such as the eigenvalue spectrum of matrix
representations (for example: adjacency matrix,
Laplacian matrix, etc.) of networks to identify
communities. Then, they apply a clustering algorithm
such as k-means to identify communities. However, they
are not reliable when the network is very sparse [2]. The
first algorithm was suggested by Donath and
Hoffman [20], who used the eigenvector matrix and
eigenvalue matrix for graph clustering. Fielder [21]
reached the bipartition of a graph using the second
smallest eigenvalue of the Laplacian matrix—that is, the
difference between the degree matrix and the adjacency
matrix.

Partitioning algorithms are another method for
identifying communities. These algorithms divide
vertices into groups of predefined size to obtain the
minimum number of links [22]. If we do not provide the
number of partitions and do not create a partition with
the minimum slice size, an unimportant solution will be
output [16]. The Kernighan-Lin algorithm [23] is a
heuristic method for partitioning graphs. It aims to
minimize a scoring function that is the difference
between the intra-community and inter-community
links.

Modularity optimization is a method for identifying
communities. It tries to find the maximum or minimum
quality function that represents the quality of the
community structure. Modularity is a concept that
depends on the maximum difference between a real
network and another form of the real network [2].
Algorithms based on modularity tend to maximize
modularity [16], which is specified as follows:

0 =5yt (&) )

2L

where n is the total number of communities, L. indicates
the number of links within the community ¢, L indicates
the total of links and K, is the total degree of nodes.
Modularity is in the range [-1,1].

In 2018, authors [24] proposed CC-GA algorithm for
community discovery. This algorithm is based on the
genetic algorithm and uses locus-based adjacency
representation and clustering coefficient to create the
initial population using modularity for optimization.
In [25], a generation genetic algorithm (GGA+) is
presented that contains effective initialization methods,
and this approach allows for adaptive analysis of the
specifications of a network. In [3], the authors presented
an artificial bee colony algorithm. In this approach,
several objective functions have been applied to
discover communities. These functions are divided into
two groups. The first group includes the functions to be
minimized, which include: Expansion, Internal Density,
Cut Ratio, etc. The second group includes the objectives
to be maximized, which include: Modularity and
Community Fitness. The algorithm is then started for
each objective function and repeated several times (up
to 100 times) on different datasets. With this work, the
input graph was divided into a number of communities.
In [26], the authors presented a bee colony-based
community detection algorithm that uses local search.
The proposed approach describes a multi-class algorithm
based on bee swarm optimization that incorporates
some characteristics to ameliorate other approaches. In
each subgroup, some bees perform a local search to
locate regions to generate good solutions. In this
approach, it uses a master-slave topology to create a
balance between exploration and mining. This method is
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based on the Bee Swarm Optimization (BSO) algorithm
presented by the authors [27]. This approach uses local
search and modularity to gain the optimal solution. In
this approach, the function-slave strategy is used. In this
strategy, one of the groups that is responsible for
producing the first is the slave swarm, and another
group is the representatives of the slaves. In [28], The
researchers presented an algorithm based on the bee
swarm optimization. The algorithm uses modularity as
an optimization. One solution is to partition the V nodes
of the G network. Each cluster includes similar nodes and
demonstrates a community. A feasible solution is
specified by the number of communities. Xiao et al. [29]
suggested a method based on classification, which was
useful in modularity optimization.

Statistical inference is another method for identifying
communities. One of these models is the random block
model. This model depends on the maximum probability
of entering communities in the given graph. However,
the methods using the random block model need to
know the number of communities, which is not known in
advance in real-world networks [2]. Yang et al. [30]
suggested a Dynamic Stochastic Block Model to model
communities. Two versions have been suggested, one is
online, which changes the model with time, while the
other is offline, which learns the model with data gained
at all time steps.

Background

Since the proposed algorithm combines locus-based
adjacency representation, genetic algorithm, bee swarm
optimization, and the label propagation, we first provide
an overview of the background and the related concepts
and methods in this section.

Label propagation

Suppose that a node a has neighbors , a,,..., a; and
each neighbor has a label indicating the community.
Next, it specifies its community through the labels of its
neighbors. Then, initialize each node with unique labels
and allow the labels to propagate. Next, dense groups of
nodes quickly reach a consensus on a unique label.
Finally, nodes with similar labels are merged as a
community. At each step, every node updates its label
through the labels of its neighbors [31].

Locus-Based Adjacency Representation

It is a representation that each chromosome is a
separate graph. The size of each chromosome is equal to
the number of nodes in the graph, and each node is
connected to only one of its neighboring nodes [24]. LAR
is a graph representation that uses a vector of elements
with n locations, both location and vector elements
represent the nodes of the graph. If j is assigned to
location i. LAR shows the edges between elements, so a
decoding stage is needed to obtain the community

structure. The number of communities is determined at
this stage. In fact, we do not require to determine the
number of communities. Figure 1 shows a graph with
nine nodes, in 1b the vector of a randomly generated
chromosome. The community structure of this
chromosome is shown in part c of Fig. 1.

()

Element ?5[1|8|2|2003

Position oj1|2|3|4 56|78

(b

)
(c)
Fig. 1: Locus-based adjacency representation and related
community structure [32].

Genetic Algorithm

Genetic algorithm optimization inspired by natural
selection. It is a search algorithm based on population.
New populations are produced by repeated application
of operators to the population. Chromosome display,
selection, crossover, mutation, and calculation of fitness
function are the important components of the genetic
algorithm [33]. The method of the genetic algorithm is
that the population (Y) which includes n chromosomes is
randomly initialized. The fitness of each chromosome is
calculated in Y. Two chromosomes C; and C, are
selected from Y with fitness value. The single-point
crossover operator with probability (Cy) is applied to C;
and C, to produce children called O. After that, the
uniform mutation is applied to the generated offspring
(0) with the probability of mutation (M) to produce
new O’ offspring. New children are included in the new
population [33].

Bee Swarm Optimization

This algorithm simulates the feeding behavior of bees.
In the bee colony algorithm, there is a population of
food situations, and artificial bees change these food
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situations over time. The bee colony algorithm consists
of three types of bees that are performed according to
the division of labor: employee bees, onlookers, and
scout bees that fly in a subsequent search space to find
the optimal solution [3]. Employee bees build the nest,
clean the colony, feed the queen and male bees, protect
the colony, and collect food [33]. Scouts' role in this
process: Scouts are responsible for finding new food
sources. Scouts fly around the hive to find food sources;
moreover, the scout bee must tell other bees how far
the flower source is. Onlooker bees collect nectar from
the source and return to the colony, and empty the
nectar into the food store [34]. In general, what bees do
in a colony is this: employee bees explore food
situations, while onlooker bees wait for information
from employee bees about the nectar level of the food
situation. Onlooker bees select the feeding position
using information from the employee bees and use the
selected feeding positions. Finally, scout bees find new
random locations. Each solution in the search space
contains a set of optimization parameters that
demonstrate the locations of the food source. The
number of employee bees is equal to the number of
food sources. The quality of a food source is called
"fitness value" and is related to its location [33]. The
pseudocode of the bee colony algorithm is characterized
in Fig. 2.

Input: A Netwark G = {V, E]
Output: Community membership assignments for network’s
nodes
Initialize the parameters: number of food sources, colony size
c¢s, maximum number of iterations MaxNumber.
Randomly initialize the positions of the food sources X,
Repeat
Phase: Employee bees
Product a new solution vy in the neighborhood of
X, using equation (4) and evaluate it. Then apply a
greedy Selection between v, and X,
end
Calculate the probability values B, foreach X,
Phase: Onloaker bees
Product a new solution v, in the neighborhood of
X, using equation (4), selected depending an E’
and evaluate it. Apply a greedy Selection between Ty,
and x,
end
Memorize the best solution achieved yet.
Phase: Scout bees
Determine the abandoned solution, if exists, replace it with
a new produced solution using equation (3).
End
te—t+1

Until t = MaxNumber

Fig. 2: Bee colony optimization algorithm [3].

In the first stage, all vectors of food sources x are
initialized by scout bees using (3) [3].

x[i] = RC(D) (3)

According to the above equation, RC(i) represents
the neighboring food source that is randomly selected.

Employee bees are looking for new food sources, such
as v, which have more nectar in the neighborhood x,..
Then find the neighboring food source using (4) and
evaluate profitability. x;, is a random food source and i is
a randomly selected parameter. Then produce a new
food source v,, its profitability is computed, and a
greedy choice between v, and x, is applied. The fitness
function value obtained from (5). Where f; is the
objective function value of the solution i. The objective
function is the “steering wheel” in the process (In this
algorithm, this is f in the equation) [3].

vrli] = X [i] (4)

fitiz{ﬁ, fi=01+abs(f), f; <0 (5)

The onlooker bees use the social knowledge provided
by the employee bees. In every iteration of the
algorithm, nectar information is shared by employee
bees in the dance area. An onlooker bee then assesses
the nectar information provided, applies a probabilistic
method to choose one of the food sources, and follows
the employee bee that finds the chosen food source. For
this aim, the selection method based on profitability can
be used. The value of the probability that the onlooker
bee chooses the x, is obtained through the following
equation [3].

_ 0.9+fity (%)

P = Fitpeot +0.1 (6)

Scout bees use an accidental flight pattern to find a
new food source and replace a new abandoned.
Employee whose solutions do not improve through a
predetermined number of trials, here called constraint,
are discarded. Next, the scouts begin searching for new
solutions randomly using (3) [3].

The Proposed Method

The proposed method, named Bee Swarm
Optimization based on Genetic Algorithm (BSOGA),
which is based on the BSO and GA algorithms and we
describe it in this section. The BSOGA flowchart is
painted in Fig. 3. the general method of BSOGA is as
follows; first, the label propagation algorithm and locus-
based adjacency representation are used to provide the
initial population. Second, we obtain the fitness of each
of the food sources created in the previous step using
the balanced modularity. Then, according to the number
of repetitions of the algorithm, the search is performed
by employee bees, onlooker and scout bees using
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genetic operators. Since the bee colony-based
algorithms work based on integers and the created food
sources are continuous, so the decoder is used in
different stages. The rest of this section explains the
details of BSOGA.

ﬂ\\ _ Display initiz] Calculating the
[ St Sl +——{ population using —» fimess of food
. zaph LR and LB4 sourcss
-
Onlooker bae: Decodmg food Emploves bess
e |
staze SOUrCes stage

No

Scout bees stage

NO

Final solution

Fig. 3: Flow chart of the BSOGA algorithm.

Representation and Initialization

Each member of the population, i.e, a chromosome
or food source, is the same as the set of nodes in the
input network graph. Therefore, like the genetic
algorithm, there is a population parameter called npop,
which determines the number of food sources. So
X = {x1, %5, ..., X} represents chromosomes or food
resources, whose number is equal to the input
population parameter. To create each chromosome
using the locus-based adjacency representation, it starts
randomly from a node and then randomly connects to a
node among the neighboring nodes. Then it chooses
another node randomly. and continues the previous
procedure.

This procedure continues until there are no nodes left
that have not been checked for connecting to the
adjacent node. After the end of the method, a graph is
obtained, which is divided into a number of
communities. In the next step, in order to label each
node in the communities created in the graph, the label
propagation method is used. First, it starts with the first
node and gives it a unique label (for example,

community label 1), and then that node and its
neighbors are given community label 1, and then it goes
to the second node. If it has a label, then nothing
happens.

Otherwise, that node and its neighbors are labeled
community 2, and so on, until the last node. Figure 4 (a)
demonstrates a sample network graph with 12 nodes.
Figure 4 (b) shows the locus-based adjacency method
applied to the input graph. Figure 4 (c) shows the
graphical representation of the chromosome in (b).
Figure 4 (d) shows the corresponding label of each node
in each community.

(a)

Node| 1 |2 [ 3 [ 456 [T {89 101012
Gene | 3 | 4 2 4 7 9 9 I I I A A |
(b)
(c)
Node | 1| 2 [ 3[4 56789 |W0|10]|1R
Label | | | | | | 2 2 2 2 3 3 3
(d)

Fig. 4: (a) An Example of input network graph; (b) locus-based
adjacency representation of a chromosome; (c) The graph
representation of the chromosome in (b); (d) Labeling nodes
using label propagation.

Fitness Function: Balanced Modularity

To calculate the fitness of each chromosome or food
source, we use the balanced modularity fitness
function [15] which overcomes the problems that could
arose by using modularity. Depending on the size of
communities, the proposed algorithm considers a
combination of the following two parameters as a fitness
function.
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Modularity

Modularity is a famous parameter of the quality of
community structure in a network. Modularity is
calculated as follows:

2
Q=3 =-(3) )
where n is the total of communities, L. is the number of
links within the community ¢, L is the total number of
links in the network and K, is the total degree of nodes.
The modularity is in the range [-1,1]. A positive scale
indicates the best community structure, while a negative
scale demonstrates the absence of community
structure. [24].

Community Balancing

To balance the size of the communities and prevent
the formation of too big or too small clusters, the
community balancing (CB) parameter is described as
follows [15]:

CB = L (8)

Z?,=1 (%_ti)z"'l

where N is the total of communities, T is the total of
nodes in the network, and t; is the total of nodes in the
i-th community.

Then, this parameter is used to define balanced
modularity as follows:

f=c.Q+ c;.CB (9)

where the two coefficients ¢; and ¢, are constant values
and are determined so that their sum is one. In fact,
these two parameters have a value between zero and
one.

What has been done in this approach is that the
parameters ¢; and ¢, have been assigned automatically.
That is, instead of manually setting the values and
evaluating them for a fixed number of results,
parameterization is performed until it reaches the best
state, then it stops.

Search among Food Sources

Each solution in the search space is a set of
optimization parameters that demonstrates the location
of the food source [33].

Stage of Employee Bees

Employee bees are in charge of searching for food
sources. And their number is equal to the food sources
in the population. At first, the fitness of each of the
primary food sources is calculated using the fitness
function, and the best source in terms of fitness is
remembered.

For each food source, employee bees choose a
neighboring food source randomly (according to the
input network graph).

x[i] = RNB(D) (10)

According to the above equation, RNB(i) represents
the neighboring food source that is randomly selected.
Then the location of the new food source is calculated
using the following equation:

position(RNB(i)) = position(x/[i]) + ¢ *
(position(x;[i]) — position(RNB(i)) (11)

where ¢ is an array of uniform random numbers
between -1 and +1. Positions are initially decimal
numbers, and since the bee colony algorithm works with
natural or discrete numbers, they should be converted
from continuous to discrete state based on a heuristic. It
means that the decoding process should be done on
decimal places using a decoder. The heuristic that
performs the transformation is described in Fig. 5.

// Decoding algorithm: continues to discrete
inpout: new position, clustering List, best solution, community
(X[i]). //clustering list is every neighbor of every node.
outpout: decoding
Nvar= size[new position)
expV = exp(-new position)
signV = abs((1- expV)./(1 + expV))
for v = 1:nVar

K = clustering list{v}

nj = size(K)

if 0.25¢signV(v) and nj>l
number between @ and 1.

//signV is a

k = randsample(nj,1)
Position(v) = K(k)

else
if rand<@.2
Position(v) = best solution(v)
end
end
end
return outpout

Fig. 5: Pseudocode of the continuous to discrete decoding
algorithm.

As shown in the pseudocode above, for each node, it
finds its neighbors, and the number of neighbors is
determined. Then it is determined that if the signV of the
desired node is in the range of 0.25 and 1, a random
number in the range of K that is equal to the number of
neighbors of the desired node and 1 is assigned to it, and
otherwise the position of the desired node is equal to
the position of the best solution so far. Then the
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employee bees use a uniform crossover between the
two food sources. The reason for using the uniform
intersection operator is that it leads to the avoidance of
local optima and helps to improve the structure of the
network community [24]. Since this procedure involves
randomization, it may produce offspring with low fitness
values. We ignore those children. Then, among the
children, a child who is fitter is chosen, and among the
selected children, a source of food is chosen that is fitter.
Then, in order to maintain population diversity in the
selected source, we use mutation. The procedure of
mutation is that a node is randomly selected in the food
source, and then a neighboring node of the selected
node is selected, and then a neighbor of the neighboring
node is selected and replaced with each other, if the
initially selected node is separately. No leap is made.
This procedure is performed by employee bees for all
food sources. The pseudocode of genetic operators used
by employee bees is shown in Figs. 6 and 7.

/fUniform crossover

inpout: gamma=0.05, //parameter of crossover

new position, //position of (?T[[]) neighbor

best solution,

position(x,[i]),

VarMin=0 //lower Bound of Variables

VarlMax=1 // upper Bound of Variables
outpout: crossover operator between two food sources.
alpha=randarray(-gomma,I+gamma, size{positi m:l(x_r:[i 1} /fereate random
array between first and second value
yi=alpha * positiml(x_r:[i]]-f-{ 1-gipha). *new position))
y2=alpha. *new position+{1-alpha). * pesition(x,[i])
y1=min {max {y1, VarMin, VarMax)
¥2 =min {max (y2, VarMin, VarMax)

/fdecoding y1 and y2 with decoding pseudo cods

C1 = decoding pseudo code (y1, Clusteringlist, community (best solution)
community (position(x, [i[))}]

C2 = decoding pseudo code (y2, Clusteringlist, community (best solution),
community (new positionj)

J{calculate fitness function of C1 and C2 using formula 9

[cost1, ouwtl] = CostFunction{C1)

[cost2, out2] = CostFunction{C2)

if costl=cost?
x=yl
c=0C1
out = outl
cost = cost1
else
x=yl
c=02
out = out2
cost = cost2
end
return outpout

Fig. 6: Pseudocode of the uniform intersection operator
algorithm.

/i mutation
inpout: mu=0.1, /{parameter of mutation
new pasition, //position of (%, [i]) neighbor
best solution,
VarMin=0, // lower Bound of Variables
VarMaox=1 //upper Bound of Variables
outpout: crossover aperator between two food sources.
nVar = size(x)
nmu = ceil[mu*nVar)
JFrandsample(nVar,nmu)
sigma=0.2*VarMax-Varidin)
Y=
vlil=xlj+sigma*randn(size(j))

new Pasition = min{max{y, VarMin), Varidax)

Sfdecoding new Position with decoding pseudo code

//C iz in crossover pseudo code

new Community = decoding pseudo code (new Position, ClusteringList,
Community (best solution), C)

[/ calculate fitness function af new community using formula 9

[new Cost. new Qut] = CostFunction (new Community);

if new Cost<cost
new Cost = cost
new Position = x
new Community = C
new Out = out

end

refurn outpout

Fig. 7: Pseudocode of the mutation operator algorithm.

Then the employee bees calculate the fitness of all
food sources using (5) and (9) and the probability of their
sources using (12) and provide this information to the
onlooker bees.

1
size(npop)

p= (12)

where, npop is the initial population size.
Stage of Onlooker Bees

The onlooker bees obtain the location of a food
source based on the roulette wheel selection method
and the probability calculated by the employee bees
from among the food sources obtained by the employee
bees. The pseudocode for calculating the location of the
food source is shown in Fig. 8.

The onlooker bees then choose a food source at
random.

And between the two previous and current food
sources, the crossing and mutation procedure, similar to
Figs. 7 and 8, is performed. Then, as a result of genetic
manipulation, a new food source is created by the
onlooker bees.
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RouletteWhesl5election algarithm
pseudocode
inpout: p, // Probability calculated by employee
bees
pick =0,
affset =0.0

npop //population size
outpout: Select Source Site
rmdNumber = random number
for (i=0; i < npop; i++)
offset += chromosome[i] probability
if (mdNumber < affset)
pick =i
break
end
end
return Source Site

Fig. 8: Roulette wheel selection algorithm pseudocode.

Then, the fitness function is applied to the primary
food source and the new food source, and whichever
one has more fitness is chosen between the two sources.
The important point is that there is a parameter C which
is of matrix type and its size is npop *1. What this matrix
does is that during the optimization steps, if the
condition of greater than or equal to the current fitness
is not met, a unit is added to the corresponding location
of that resource in the matrix. Actually, this matrix is a
counter.

In this approach, there is a parameter called L, whose
value is assumed to be 10. It is actually a threshold value.
Therefore, if the value of the counter related to the food
source obtained in the matrix C is less than or equal to
the threshold value, the onlooker bees introduce this
food source as the final solution to the community
detection the problem, otherwise the stage of scout
bees begins.

Stage of Scout Bees

Scout bees are responsible for randomly searching
among primary food sources. In fact, if the food source
chosen by the scout bees does not meet the condition of
the threshold, they choose another food source
randomly. Therefore, they search among all the food
sources in the initial population based on the
information stored for them from the beginning of the
algorithm. One of the parameters used by scout bees is
the threshold value (L). What the scout bees do is to
repeat an operation between all food sources if the
element value in matrix C is bigger than or equivalent to
the threshold value (here 10), such as: finding a new
location for the food source, clustering and finding

fitness of the food source. Then, it searches again among
the food sources and if the fitness value of each one was
higher than the fitness of the best solution, it returns it
as the final solution of the community detection
problem. The pseudocode of scout bees is shown in Fig.
9.

/{ scout bees pseudo code
inpout: 1=10, VarMin=0, VarMax=1, Varsize=npop
outpout: select new food source

fori=1:nPop
ifclil==1
pop(il Position =
VarMax size of Varize
popfil.Community = clustering i food source
calcwlote fitness value of popil.community using
formula 9
Ciil=0
end
end

create array between VarMin and

A Update Best Solution Ever Found
fori=1:nPop
if pop(i). Cost »= BestSol. Cost
Bestsol = pop(i];
end
end
return outpout

Fig. 9: Pseudocode of the scout bees algorithm.

Pseudocode of the Proposed Approach

In the previous parts, the general procedure of the
proposed approach has been described. Figure 10 shows
the pseudocode of the proposed approach.

Parallelism in the Proposed Method

In this section, we describe the parallel mode of the
proposed approach.

As it is clear from the general procedure of this
approach, some parts repeatedly perform a series of
operations, like what employee bees do for all food
sources.

In fact, they perform a series of identical operations
for all food sources that have no dependence on each
other. Also, parallelization is used in the stage of
onlooker bees. So, instead of performing a series of tasks
in a loop, tasks can be performed simultaneously for all
food sources. In this case, the time complexity is greatly
reduced. Figure 11 shows the pseudocode of the
parallelism in the proposed approach.
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/i BSOGA pseudo code
inpout: npop, // size of population
Maxit, //number of iteration
L=10, //Abandonment Limit Parameter
€ [/matrix for Abandanment Counter
outpaut: optimal B30GA resuit
Creote and initialize population of Chromosome in npop size using section
Representation and initiglization
Calculate fitness of eoch Chromosome using equation 9
while | <= Maxlt
employee hees step
foreach food source in population (npop)
Random selection of o neighboring food source
Calculate pasition of neighboring food source using equation 10
Decoding of positions from continuous to discrete made using figure 5
Uniform crossover between previous and new food source figure &
Mutation on food source figure 7
far each food sources colculate probability using equation 12
onlooker bees step
select ane position of food source with roulette wheel and probabilities in
employee bees step
select one food source randomly that not egual to previous
caiculate position of new food source using equation 10
Decoding of position from continuous to discrete using figure 5
Uniform crossover between previous and new food source figure &
Mutation on food source figure 7
if fitmess function value of food source < L
this food is optimal result solution
else
go scout bees step

SCOUt bees step
Jfor each food source in populaticn [npop)
fli=L
select position for food source i using equation 11
clustering food source | using section Representation and initiglization
calculate fitness function using equation 9
cfil=0
Update Best Solution Ever Found
=il
end while
return outpout

Fig. 10: Pseudocode of BSOGA algorithm.

Complexity analysis of the proposed method

Let n be the total nodes, m the total edges, npop the
total initial population, and MaxIt the total number of
iterations of the original BSOGA loop. Locus-based
adjacency representation method and label propagation
are used to create the initial population. The time
complexity of the label propagation is almost linear [31],
that is, it is of the order of O (npop * n). The locus-based
adjacency representation method consists of two parts.
The first is to calculate the adjacency list for each node.
This part of the time order is O(n * m). The second is to
randomly select a neighboring node for each node. This
part is of the order of 0(1).

/¥ PBSOGA pseudo code
inpout: npop, / size of population
Maxit, /fnumber af iteration
L=10, /fAbandonment Limit Parameter
Co, //matrix for Abandonment Counter
Pop /fnpop*1 matrix that each element is an array

outpout: optimal FBCOGA result
Create and initialize populgtion of Chromasome in npop size
using section Representation and initiolization
Caleulate fitness of each Chromosome using equation 9
while i <= Maxit
employee and onlooker bees step
parfor i=1: npop
CD_BCO_employee_GA recall /femployes bees
stoge
CD _BCO Oniooker GA recall /foniocker bees
stoge
end
scout bees step
for each food source in population (npop)
ifcafil = L
select position for food source i using equation 11
clustering food source | using section
Representation and initiolization
calculate fitness function using equation 3
Cofil=0
Update best solution ever found
i=i+1
end while
return outpout

Fig. 11: psuedocode of PBSOGA algorithm.

Therefore, its total time complexity is of the order of
O(npop * n * m). Therefore, the total time complexity
of creating the initial population is O (npop * n *x m). The
fitness function is of the order of O(npop * n?). We
examine the time complexity related to the search steps
by employee, onlooker and scout bees, for each step
separately. The time complexity of the employee bees
stage is O(npop *xn?). The time complexity of the
onlooker bees stage is 0(n?). The time complexity of the
scout bees stage is O(npop * (n * m + n?)). Therefore,
the time complexity of the entire search stage by all
three groups is equal to O(Maxlt * MPOP *
(n*m +n?)).

Experiments

The BSOGA has experimented on the real-world
datasets. The results represent the efficacy of the
BSOGA. In all experiments, BSOGA is run fifty times, and
the mean results are reported. In this section, the results
of experiments are reported and BSOGA is compared
with other mentioned algorithms. The adjustable
parameters of BSOGA algorithm in the implementation
part include: npop (number of initial population), MaxIt
(number of repetitions of the algorithm), gamma
(intersection operator parameter) and mu (intersection
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operator parameter). In the implementation, gamma
(Crossover rate) and mu parameters are assumed to be
0.05 and 0.1, respectively.

The important point is that the parameters ¢; and ¢,
are automatically adjusted in the balanced modularity
fitness function.

Experimental Setup

This section, containing explanations of real-world
datasets, comparison methods, and evaluation criteria.
All the experiments are operated on the Windows 10,
Corei3 2 GHz CPU, 4 GB memory. All codes are written in
MATLAB R2021b.

Datasets

The experiments have been executed on well-known
real-world network datasets, including Zachary’s Karate
Club [35], Dolphins Social Network [36], Krebs’ Political
books [24], American Football Clubs [24] (see Table 1).

Table 1: Real-world datasets used for the experiments

Dataset #NC  #Edges #Nodes Description
karate Karate social
club 2 78 34 network from a
sports club [35]
. Dolphins social
Dolphins 2 159 62 network [36]
Political Political
books 3 441 105 books [24]
American American
football 12 613 115 College Games
Network [24]

Evaluation Criteria

To compare BSOGA and another algorithms on the
real-world networks, the modularity and the normalized
mutual information (NMI) [37] are used. The NMl is used
to meter the similarity between clustering reached by a
method and that reached by another method. The NMI
of two community A and B of a network is described as
follows:

c c CijN
-2 z:i:A1 2151 Cijlo.Q(CijCj)

NMI(A,B) = (14)

364 ciogCH+3E, cjlog G
C is the confusion matrix that element cij is the number
of nodes in community i of the cluster A are in the
cluster j of the partition B as well, CA (CB) demonstrate
the number of clusters in the partition A (B), and ci (cj)
demonstrate the totality of the elements of Cin row i. If
A and B are matched, NMI(A, B) = 1. If A and B are
dissimilar, NMI(A, B) = 0. The NMI be in the scale of 0
and 1.

Comparison Algorithms

The results of the BSOGA algorithm have been
compared with BSOCD-LS [26] BSOCD [28], LPA [38],
BCALS [39], CCGA [24], GGA+ [25], EA [40], CNM [41] and
Memetic [42].

Experiment Results

In this section, BSOGA is compared with other
approaches. In Fig. 12, the BSOGA algorithm is compared
with several algorithms based on bee colony and based
on genetics and non-evolutionary based on modularity
on four datasets of karate club, dolphins, political books
and American football. According to the figure, the
BSOGA algorithm has performed better than the rest of
the algorithms and the best modularity in it has been
much better than the rest of the algorithms. The results
of the evaluations for modularity in mean, worst, and
best modes and NMI for the Karate Club, Dolphins,
Political Books, and American Football datasets are
displayed in Table 2.

50

80

BBS0GA

BBS0CD-L5
BS0CD
. LPA
NBCALS
0 GGA+
BCCGA
0

Poitical baaks

mModularity
w wn o
= & Y =

ra
=

oy
=

Karate club Dolphins American footbal
Fig. 12: Comparison of modularity-based BSOGA with six
algorithms on karate, dolphins, political books, and american

football datasets.

Table 2: The results of the evaluations in different situations in
the BSOGA algorithm

Dataset NMI Qwarst Qmean Qbest #NC
karate 0.84 0.75 0.75 0.75 2
club
Dolphins 0.89 0.82 0.82 0.82 2
Political 0.75 0.80 0.81 0.82 3
books
American 0.62 0.65 0.69 0.74 6
football
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In Table 3, BSOGA algorithm is compared with
EA [40], CNM [41] and Memetic [42] algorithms based on
modularity and the number of detected communities.

Table 3: The results of the evaluations in different situations in
the BSOGA algorithm

Political
books

American
football

Algorithm karate club  Dolphins

#NC M #NC M #NC M #NC M

BSOGA 2 0.75 2 082 6 0.74 0.82

EA 3 0.38 3 046

3

7 05 4 052

CNM 3 038 4 0495 6 055 4 0501
7 4

Memetic 12 0.402 4 0.518 0.604 0.523

According to the above table, it can be seen that the
BSOGA algorithm has performed better compared to
other algorithms.

By looking at the modularity and the number of
detected communities, it is clear that it is very close to
the real detected state.

The following figures show examples of results on
karate, dolphins, political books, and American football
datasets.

The results have been evaluated based on 50
iterations and an initial population size of 20. In each of
the figures, the right part of the communities detected in
the proposed algorithm and the left part are the
communities detected in the real state. In the figures,
the colors indicate the communities.

As it is clear from the figures, the proposed algorithm
has detected the communities very close to the real
state.

30 3
27 ‘%4

28 0

g1

Fig. 13: Comparison of community detection with BSOGA
algorithm in karate club dataset.

81 81

49 33 49 33
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@ Zux
55 32

4
23
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Fig. 15: Comparison of community detection with BSOGA
algorithm in dolphins dataset.

o ' \
Yor
L | Q

Fig. 14: Comparison of community detection with BSOGA
algorithm in political books dataset.

Fig. 16: Comparison of community detection with BSOGA
algorithm in football dataset.

Conclusion

In this paper, we proposed a novel algorithm for
community detection in social networks (we named it
BSOGA). Community detection is described as an
optimization problem in the context of genetic algorithm
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where the search operation takes place using bee colony
algorithm. As the naturality of the resulting communities
is a challenge in such a problem, we exploit balanced
modularity as the fitness measure to provide a more
natural result when compared to the real-world
communities. The proposed algorithm exploits label
propagation and locus-based adjacency representation
to generate and represent the initial population. The
combined optimization of bee colony and genetics not
only provides globally optimal solution but also it does
not need prior information about the number as well as
the structure of communities. We conducted extensive
experimentations on real-world network datasets which
demonstrate the performance of BSOGA in terms of
quality of the resulting communities compared to the
state-of-the-art algorithms. Moreover, the proposed
algorithm could partially provide parallel operations to
accelerate the efficiency of the method. The proposed
algorithm could be extended/adapted to be used in
many applications, including targeted product
recommendation in e-commerce networks, effective
routing in telecommunication networks, real-word
transportation networks, and fraud detection in financial
transactions. As the real-world social networks are of
dynamic nature, extending the current method on
dynamic and evolving networks is of great interest in the
literature. We intended to tackle such a problem as
future work. Another research direction could be the
investigation of different meta-heuristic optimization
methods for community detection problem.
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