Computational Intelligence in Electrical Engineering
Vol. 13, No. 3, 2022
Research Paper

An approximate algorithm for maximizing modularity by estimating
the domain of influence

Seyfollah Soleimani *, Rouhollah Javadpour Boroujeni 2

! Department of Computer Engineering, Faculty of Engineering, Arak University, Arak, Iran
2 Department of Computer Engineering, Faculty of Engineering, Arak University, Arak, Iran

Abstract:

As social networks grow, they become more and more complex, and analyzing
them becomes complicated. One way to reduce this complexity is to divide the
network into subnets, which are also called communities. Dividing social networks
into desirable communities can help analysts and experts to understand the behavior
and function of the networks. Community detection in networks is a challenging
topic in network science and various methods have been proposed for that.
Modularity maximization is one of the state-of-the-art methods suggested for
community detection. Modularity maximization is an NP-hard problem meaning
that no polynomial-time algorithm exists that could solve the problem optimally
unless P=NP. A group of approaches that could solve such problems is approximate
algorithms. Identifying the influential nodes has many important applications in
social networks. This technique could also be used in community detection. To
maximize modularity, in this paper, we propose approximate algorithms based on
identifying the influential nodes and their influence domain. We used the concept
of scale-free networks to prove the approximate factor. Experiments on real-world
networks show that the proposed algorithm can compete with the state-of-the-art
methods of community detection algorithms.
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Algorithm 1: Graph Traversal based on the
Probability of Influence (GTPI)

input : Graph G,n,0<¢,6 <1

output: list of communities(ListCom)

for i =1tomax(n,6(s, 8N

create an RR set(R;) for node i;

R = RNR;

for eachnode vinR;

list(v) = list(v)N #R;;

}
for eaclbgg(igjntﬁggo%e nelghborf
Cwij ;m ;= Median of (W);

F=V;

comNo = 0;

while(F ! = 0)

{
i = findInfluentialNode(V,F,R);
List com [i] = comNo;

C=CUi
Neig = BFS(G, i, W);
C = CU Neig;

for eachvin Neigh
ListCom[v] = ComNo;
F =V \C;
ComNo + +;
}
Perform post optimization on ListCom;
return ListCom;
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Algorithm 3: findingInfluentialNode
input : RR sets(R),V,F
output: influential node

v = argmaxgeyy (Covg(V) — Covg (F)
return v
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Algorithm 2: BFS
input: Graph G, node v, threshold §, adjajency matrix
output: list of node in community

N = neighbors(v);
A= 0
foreachuinN
{ if wy, > 6then
A=AUu
}
foreachuin A
{ N = neighbors(u);
B = 0;
foreachxinN
if wy, > 8then
B=BUXx;
}

return AU B;

}
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