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Abstract. Due to the strong randomness of label selection, the label
propagation algorithm makes the community results unstable. Especially
in asynchronous updates, the final results are quite different due to the
different order of selecting listeners. This paper proposes a community
discovery algorithm using increment of modularity to optimize the label
propagation process. In the process of label propagation, the increment
of modularity is introduced to ensure that the increment of modularity is
positive in each update. At the same time, the selection of popular nodes
in traditional label propagation algorithms is retained. Combining these
two methods, each node selection improve the division of the community
and reduce the possibility of poor results due to asynchronous updates.
The algorithm is verified in real network, and the results show that the
algorithm is feasible and effective.

Keywords: Community detection · Label propagation · Modularity ·
Optimization

1 Introduction

A complex network is an abstraction of a complex system. In a complex net-
work, nodes represent individuals in a complex system, and edges between nodes
represent connections between individuals according to specific rules. There are
also some statistical characteristics commonly found in complex networks, such
as the “scale-free characteristic” [1], which reflects the characteristics of network
nodes obeying a power-law distribution, the “small-world” [2], which reflects the
characteristics of short path length and high clustering coefficient of the net-
work. As well as the “community structure” that reflects the tight connections
between nodes in the same community and the sparse connections between nodes
in different communities. It is ubiquitous in complex networks [3].

With the rapid development of computer and information technology, espe-
cially the emergence of social networks, people are divided into countless small
groups for various reasons. Meanwhile, the study of community structure has
become increasingly valuable. It can help people to extract useful association

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2023

Published by Springer Nature Switzerland AG 2023. All Rights Reserved

Y. Cao and X. Shao (Eds.): MONAMI 2022, LNICST 474, pp. 245–252, 2023.

https://doi.org/10.1007/978-3-031-32443-7_17

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-32443-7_17&domain=pdf
http://orcid.org/0000-0002-4112-7273
https://doi.org/10.1007/978-3-031-32443-7_17


246 X. Xu and X. Zheng

information from known social networks in complex networks. Therefore, com-
munity discovery has more and more applications in scientific research, commer-
cial promotion, public safety and other fields. More and more researchers are
devoted to related fields.

The rest of the paper is arranged as follows: Section 2 discusses the prepara-
tory work related to the algorithm; Sect. 3 describes how the increment of modu-
larity helps labels to spread better; Sect. 4 verifies the feasibility of the algorithm
in real networks; Finally, the full text is summarized. and discuss the next stage
of work.

2 Related Work

After years of exploration, researchers have proposed many classic community
discovery algorithms.

The Label Propagation Algorithm (LPA) was proposed by Zhu et al. [4] in
2002, which uses the relationship between samples to build a relational complete
graph model. In 2007, Raghavan et al. [5] first proposed the application of LPA
to community discovery, which is referred to as the RAK algorithm for short.
The algorithm will give each node a unique label, select the most popular label
to record in the iterative process, and finally the nodes with the same label will
be combined into the same community.

Since most of the communities in the real network are not independent of
each other, the study of overlapping communities becomes very important. Gre-
gory [6] extended the RAK algorithm. The algorithm allows each node to retain
multiple labels, so that the node can select multiple different communities to
discover overlapping community structures. However, as the number of itera-
tions increases, the performance decreases significantly, which is not suitable
for today’s huge dataset environment. Xie et al. [7] proposed the SLPA algo-
rithm, which retains the charac-teristics of low complexity and high efficiency
of the LPA algorithm. Label all nodes with different labels, scan all labels of
the nodes, the record with the most occurrences is the candidate label, the label
with the most occurrence of the candidate label is the node community name,
and the final community division is obtained after multiple traversals.

Modularity, as an important indicator for evaluating community struc-
ture, has been applied in label propagation by many scholars. In order to
avoid all nodes in LPA selecting the same community, Barber et al. [8] pro-
posed a modularity-specialized label propagation algorithm (LPAm), which is a
constraint-based LPA monitoring network community. A variable is introduced
to maximize the modularity value of the community. The community discovery
problem is transformed into a solution problem of objective function optimiza-
tion. On the basis of the number of connected vertices with the same label,
an objective function H is defined, and the LPA algorithm is used to find the
local optimal value of the H function. Qiao et al. [9] proposed an overlapping
community detection algorithm in complex network big data, based on the idea
of modularity clustering, graph computing and optimal modularity. A balanced
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binary tree is used to index the increment of modularity to alleviate the impact
of multiple modularity computations on the performance of the algorithm. Leung
et al. [10] also pointed out that the module maximization method is not a scale-
free interval measure method, and it is not feasible to detect communities only
by relying on it. Therefore, modularity is generally not used as the final objective
function, but it can still help us improve the quality of the found community
structure.

Through numerous algorithm studies, we found that the LPA algorithm has
low complexity and can be well adapted to the monitoring of large-scale com-
munities. It does not require optimization of a predefined objective function,
nor does it require prior information about the number and size of communities,
and there is no limit to the size of communities. However, due to the uncer-
tainty of label selection, the final community division result is unstable. This
paper chooses the community structure evaluation index - modularity, to help
nodes select labels. It avoids the shortcomings of modularity as an objective
function, and at the same time, it can help nodes choose labels that are benefi-
cial to themselves as much as possible. The increment of modularity after each
label propagation is kept positive, so that each node label selection can improve
the overall community division and reduce the possibility of poor results due to
updates.

3 Description of the Proposed Algorithm

This chapter introduces the specific calculation formula of the increment of mod-
ularity, describes the community discovery algorithm using increment of modu-
larity to optimize the label propagation process (IMO-LPA) in detail, and finally
verifies that the time complexity of algorithm is close to linear.

3.1 The Increment of Modularity

Modularity [11] is an important indicator for calculating community accuracy.
The specific formula is as follows:

Q =
nc∑

c=1

(
lc
m

− (
dc
2m

)2) (1)

where, m is the total number of edges in the network, nc is the number of
communities, lc is the total number of edges in community c, and dc is the sum
of the degrees of all nodes in community c.

If the node i in the community c2 is allowed to enter the community c1,
that is, the increment of modularity generated by the node i selecting the label
represented by the community c1
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Qafter =
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Formula (3)–(2) can obtain formula (4):

ΔQ =
1
m

[ki c1 − ki c2 −
ki(dc1 − dc2 + ki)

2m
] (4)

where, ki c1 represents the number of connecting edges between node i and nodes
in community c1. ki c2 represents the number of connecting edges with the nodes
in the community c2. If there is only node i itself in the community c2, then
ki c2 = 0.

3.2 IMO-LPA Algorithm

Fig. 1. The specific flow of the algorithm

Modularity, also known as modularity metric, characterizes the accuracy of the
division of node communities in the network. The general basic idea of using
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modularity for community division is: If the connection strength between nodes
in a subgraph of a network is much greater than the connection strength between
nodes in the subgraph under random division of the network, then the subgraph
can be considered as a community of the network. The increment of modularity
is the increase of the calculated modularity. If two nodes are in the same com-
munity and have a positive effect on the entire community structure, then the
increment of modularity is positive. Similarly, the closer the connection between
the two nodes is, the greater the increment of modularity will be. Due to the high
randomness of label propagation, generally speaking, the higher the influence of
the label, the faster the propagation, but there are a large number of random
selections in the selection process, especially in the initial stage. At this time,
the increment of modularity can be added to help nodes select more suitable
nodes for message interaction. The specific process is as Fig 1:

3.3 Complexity Analysis

We perform a time complexity analysis of the IMO-LPA algorithm. The time
complexity of initializing nodes and communities is O(N). Each node will act
as a listener, and the number of iterations is t0, and the sounding nodes are the
nodes of the listener, that is, the node degree klistener of the listener. For the
calculation of the increment of modularity, at least O(1), the most popular labels
meet the judgment conditions; at most O(klistener), then each label has the same
weight. The final label optimization, if the final number of communities obtained
is Ncommunity, the time complexity is O(NNcommunity). The time complexity is
O((2+t0k

2
listener+Ncommunity)N). In general, t0 and Ncommunity tend to a fixed

value, and klistener is much smaller than the number of nodes N , so the time
complexity of the algorithm tends to be linear.

4 Experiments

4.1 Experiment Preparation

This paper also compares the IMO-LPA algorithm in four different real networks
and one artificial synthetic network. The information and parameters of the
experimental network are shown in Table 1.

Table 1. General information of the real network.

Network Description Nodes Edges

Dolphins [12] Lusseau’s dolphins 62 159

Polbooks [13] Amazon’s american political book 105 441

Football [3] American College football union 115 616

Powergrid [1] The topology of the powergrid of the United States 4941 6594



250 X. Xu and X. Zheng

The experiment will use two evaluation indicators to verify the community
division results. For communities with accurate community division results, the
Normalized Mutual Information (NMI) [14] can quantify the similarity between
the generated algorithm partition community and the standard community, and
measure the accuracy of the algorithm results. For communities without accurate
division results, the overlapping modularity (Qov) [15,16] is used to help evaluate
the merits of the division results. At the same time, Qov can also help us judge
whether the impact of overlapping modularity on the algorithm is positive.

Fig. 2. Qov comparison experiment in real networks

4.2 Result Analysis

In this paper, a total of five classic algorithms and MIO-LPA algorithms
are selected for comparison experiments, namely SLPA, COPRA, CPM [17],
LFM [15] and Louvain [18]. As can be seen from Fig. 1, the IMO-LPA algorithm
has the best modularity in the network football and power, and is slightly lower
than the algorithm Louvain in the network dolphins and polbooks. Overall, the
IMO-LOA algorithm outperforms most experimental algorithms in real networks
Among the four real networks selected in the experiment, the network dolphins,
polbooks and football all have accurate community division results. NMI is used
for evaluation in these three networks. The evaluation results are shown in Fig. 2.
It can be seen from the figure that the accuracy of the IMO-LPA algorithm is
significantly higher than that of other algorithms. In general, the modularity of
general real networks is close to 0.5, and the IMO-LPA algorithm is not the best
in overlapping modularity, but has better accuracy. Therefore, it shows that the
increment of modularity can indeed help the label to propagate better (Fig. 3).
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Fig. 3. NMI comparison experiment in real networks

5 Conclusion

Because the LPA algorithm has the characteristics of low complexity and high
performance, it is more in line with the needs of today’s huge data. However,
because of the large amount of randomness in the process, the results of the
algorithm are sometimes not as good as expected. In this paper, the increment
of modularity is added to the label propagation process to help nodes select more
reasonable labels and reduce the adverse effects of uncertainty. Experiments in
real networks show that the algorithm increases the accuracy of the algorithm
while retaining the advantages of the LPA algorithm.
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