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Abstract
Community discovery is a vital link in the research of social networks. Aiming at the shortcomings of the
current local extension-based community discovery algorithm in local community discovery and
extension, we propose a based on relationship similarity and local extension Overlapping community
detection algorithm(RSLO). First, use the node's relationship similarity strategy to �nd close seed
communities. Then, according to the discovered seed community, the similarity between the neighbor
nodes of the community and the community is calculated, and the nodes whose similarity meets the
threshold are selected. After that, an adaptive optimization function is used to expand the community.
Finally, the free nodes that have not been divided into the community are divided into communities,
thereby achieving a more comprehensive community discovery. We conduct experiments on classic
datasets and arti�cially generated networks. The results show that the RSLO algorithm can �nd accurate
and objective community structures.

1. Introduction
Since humans have become the main body in social networks, their social relationships have also been
projected onto the network. This kind of network structure containing social relationships is called a
social network. Due to the complex relationships between people, it can be called a complex network. [1]
We can summarize some people with high similarity in social networks into a community. The so-called
community is composed of a group of closely connected nodes in the network. These nodes are relatively
closely connected to each other, but are rarely connected to other closely connected nodes. Most
intuitively, the process of community discovery is a clustering process. Community discovery aims to
discover the most reasonable and true community structure in social networks, and it has become one of
the important tasks to explore the network structure [2]. In order to discover excellent community
structure, many scholars and researchers have proposed many community discovery algorithms and
many algorithms have also been developed to a certain extent. At present, the research results discovered
by the community can be applied to many �elds, such as: personalized recommendation, network public
opinion analysis, disease infection network, etc. [3].

Because the membership of some nodes in the community structure of social networks is not single, the
classic discovery algorithm for non-overlapping communities is no longer suitable for overlapping
community structures. Therefore, the research on the discovery of overlapping community structures has
gradually become a hot spot in this �eld. After years of development, a large number of relevant research
results have appeared in this �eld. These methods can be roughly divided into: faction �ltering
algorithms, local expansion algorithms, edge division discovery Algorithms and label propagation
algorithms and other 4 categories [4]. The following is a brief introduction to the classic algorithms in
these categories and the research in recent years:

The faction �ltering algorithm CPM was �rst proposed by Palla et al. [5]. They believe that a community
is composed of some connected complete subgraphs. The operation of the algorithm is to form a fully
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connected subgraph composed of k nodes (that is, k Factions), search for neighboring factions
consisting of k-1 identical nodes from the network to �nd overlapping community structures. Later, Palla
et al. [6] proposed a CPMd algorithm that can handle directed graphs. The algorithm uses directed k
factions instead of k factions in the CPM algorithm, completing the overlapping community discovery on
the directed graph.. Lu et al. [7] proposed an overlapping community discovery algorithm based on the
expansion of greedy factions. First, search for the largest faction in the network, calculate the link
strength according to the degree of association between the factions, and convert the original network
graph into the largest faction graph. Under the condition of maximizing the �tness function, greedily
expand the seed factions in the largest faction graph for community discovery. Zhang et al. [8] merged
the searched factions in the network according to the coupling strength, so as to hierarchically divide the
obtained tree diagram to obtain the overlapping community structure. This type of method uses factions
as the medium to explore the structure of overlapping communities, but its results are not ideal when
dealing with relatively sparse network structures, and the time complexity of the algorithm is relatively
high.

The basic idea of   the local expansion algorithm is that in the network, the seed nodes are found
according to the relevant strategies formulated, and then the community expansion is carried out
according to the found seed nodes through the local optimization function to obtain the optimal
community division [9]. For example, by Lancchinetti The proposed LFM algorithm [10] found the
community based on the �tness function of the node, and then selected nodes outside the community as
seed nodes for community expansion. Su et al. [11] use random walk strategy for community expansion.
For such methods, the most important thing is the selection of seed nodes. For this reason, Wang et al.
[12] proposed the concept of a structural central node, and used it as a seed node for local community
expansion. Sun et al. [13] proposed the vertex cover growth rate to select the seed node, and combined
the random walk strategy to expand the community to discover overlapping communities. Li et al. [14]
proposed an overlapping community discovery algorithm based on the greedy expansion of seed nodes,
which uses a greedy strategy based on the �tness function to expand the seed set according to the seed
nodes. The algorithm can �nd high-quality overlapping community structures.

Based on the method of label propagation, each network node is assigned a label containing overlapping
membership relationships, and through the propagation of these labels between neighboring nodes, the
node's membership relationship with each community �nally reaches a stable state, thereby obtaining
community discovery results. Overlapping community discovery algorithm LPA [15] research. Typical
representatives of this type of method in the �eld of overlapping community discovery are the multi-label
COPRA [16] algorithm and the Speaker-listener model-based SLPA algorithm [17]. Lu et al. LPANNI [18]
Algorithm

It is not di�cult to �nd that the above algorithm is mainly for the study of nodes and their attributes in the
network, in order to �nd overlapping community structures. In contrast, the edge division discovery
algorithm starts from the perspective of edges and discovers the community structure. Wang [19] et al.
proposed a label propagation algorithm based on edge propagation probability for the traditional
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overlapping label propagation algorithm COPRA; GUO [20] proposed an overlapping community discovery
algorithm based on edge density clustering. First, take edges as The research object uses density
clustering to detect closely connected core edge communities. Then, according to the boundary edge
attribution strategy, the boundary edge is divided into the core edge community closest to it. For isolated
edges, a community attribution based on edge degree and edge is proposed Isolated edge processing
strategy, Wang [21] proposed an adaptive overlapping community discovery algorithm based on the
mixed parameters of edge trust, which de�nes the set of neighbors on the network side and the trust
function between its neighbors, through information transmission Obtain the total amount of information
of the edge to realize adaptive discovery of overlapping communities. At present, edge partition discovery
algorithms have become an important class of overlapping community discovery algorithms.

However, many existing community discovery algorithms are based on the topology of the network, that
is, the local information between nodes, while ignoring the in�uence of the connection relationship
between nodes. Real social networks are based on the relationship between people living in reality, and
independent people lead to individual differences. A real community should fully consider the importance
of connections between nodes. Only in this way can we study the behavior patterns of the entire
community through individuals. Many algorithms only perform cluster analysis for the purpose of simply
discovering communities, thus ignoring the in�uence of node connection relationships. In order to
overcome this problem, we will propose the relationship similarity of nodes to evaluate the value of nodes
to the community. For all nodes in the community, there is a certain degree of similarity between nodes in
the same community. We express this value through the local clustering coe�cient of the node; and for a
node in the community, each node Nodes directly connected to themselves have a higher similarity, and
we express this value through the similarity of the relationship between the nodes. On this basis, the two
are combined, and an overlapping community discovery algorithm based on relationship similarity and
local expansion is proposed. The algorithm sets the node with the highest number as the core node, and
then judges whether the node in the community can belong to multiple communities at the same time
according to the tendency of the nodes in the community. If it is, mark it as an overlapping node and
divide it into the community. The node is removed from the network. Iteratively obtain the division result
of overlapping communities. Experimental results show that the algorithm has better performance than
several classic overlapping community partitioning algorithms.

2. Related Work
For an undirected and unweighted network G = (V, E), V is a set composed of all nodes in the network,

and E is a set composed of all edges in the network. Speci�cally: V(G) = v1, v2, ⋯, vn ,

E(G) = eij eij = vi, vj ,vi, vj ∈ V. The number of nodes is |V| = N, the number of edges is 

|E| = m, Γ vi is a set of neighbor nodes of node vi, and ki represents the degree of node vi.

2.1 Local clustering coe�cient

{ }
{ } ( )

( )
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The clustering coe�cient [22] is a parameter used to measure the degree of clustering between nodes in
the network. In a real social network, the clustering parameter represents the close relationship between
friends. Speci�cally, it measures how close a node is to its neighbors. The local clustering coe�cient of
an undirected graph can be de�ned as:

LCCi =
2ei

ki ki − 1

Among them, ki is the degree of node νi, and ei is the number of nodes connected between neighbors of
node νi. LCCi is the local clustering coe�cient of node νi, and its value is between [0,1]. Under certain
circumstances, LCCi = 0 means that the neighbor nodes of node νi have no relationship with each
other, and LCCi = 1 represents all neighbor nodes of νi are connected to each other.

2.2 Node relationship similarity
In social networks, the similarity of nodes re�ects the similarity between nodes. The intimacy between
nodes is re�ected by the similarity, which can better re�ect the relationship between nodes. Lü [23] and
others summarized the currently popular similarity indexes, which are shown in Table 1, which include the
Salton index, Jaccard index, Sorensen index, Resource Allocation (RA) index, etc.

 
Table 1

Similarity Index
Similarity Name Formula

Salton Index | Γ ( i ) ∩Γ ( j ) |
ki∙ kj

Jaccard Index | Γ ( i ) ∩Γ ( j ) |
| Γ ( i ) ∪Γ ( j ) |

Sorensen Index 2 | Γ ( i ) ∩Γ ( j ) |
ki+kj

Resource Allocation Index ∑t∈Γ ( i ) ∩Γ ( j )
1
kt

In most real networks, nodes tend to be relatively closely connected groups, which are characterized by
high local connection density. The higher the clustering coe�cient of a node, the stronger the cohesion of
its neighbor nodes. Professionals have done a lot of research on the exploration and optimization of
cluster analysis. In many studies on clustering coe�cients, the focus is on the closeness between two
nodes and their adjacent nodes, while ignoring the connection between the two nodes themselves, which
will reduce the accuracy of similarity. For example: In a real social relationship, two people who become
friends will have a friend relationship, which will increase the similarity between them. Moreover, the two

( )

√
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displays are friends but do not have a mutual friend. Existing, obviously according to the individual
clustering coe�cient, its similarity is 0. Therefore, in the process of studying the similarity, we not only
consider the node and its neighbor nodes, but also consider the connection relationship between the
nodes themselves. Through the research of these works, in the external algorithm, we use the similarity of
the node relationship based on the local clustering coe�cient. The relationship similarity of nodes is as
follows:

RSimi , j = ∑ t∈Γ ( i ) ∩Γ ( j ) LCCt

Among them, LCCt is the local clustering coe�cient of νt, and t is the set of common neighbor nodes of
nodes νi and νj. Then the relationship importance of nodes can be expressed as:

RI(i) = ∑ t∈Γ ( i ) ∩Γ ( j ) RSimi , j × ∑
z

1
k(z)

Among them, There are two situations for the parameter z: when the nodes νi and νj are directly

connected, z ∈ t ∪ vi, vj ; when the nodes νi and νj are not directly connected, z = t. The similarity

not only measures the aggregation coe�cient of the common neighbors of two nodes, but also considers
the connection relationship between the two nodes themselves. The closer the relationship between the
common neighbor nodes, the closer the relationship between the two nodes. The aggregation coe�cient
of common neighbors is an important indicator for calculating two nodes. The larger the index, the higher
the similarity of nodes. The relationship between nodes also affects the similarity of two nodes to a
certain extent. Therefore, the similarity between the two and the node is positively correlated.

2.3 Local expansion related concepts
In the community discovery algorithm based on local expansion, in addition to precise similarity, several
basic concept parameters are still required, which are de�ned as follows:

2.3.1 Community neighbor set
The community neighbor set Nv(C) represents the set of nodes connected to the community C:

Nv(C) = ∀v∈cΓ(v) − C

Among them, C represents a community, and Γ(v) represents the neighbor nodes directly connected to
node v.

2.3.2 Similarity between node and community
The similarity Svc vi, C  between node vi and community C is de�ned as:

{ }

( )
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Svc vi, C =
Nv(C) ∩ Γ vi

Nv(C) ∪ Γ vi

At this time, the node vi not belongs to the community C. The larger the value of Svc vi, C , the greater

the probability that the node vi belongs to the community C.

2.3.3 Community similarity
The similarity Scc Ci, Cj  between community Ci and community Cj is:

Scc Ci, Cj =
Ci ∩ Cj

min Ci , Cj

Among them, Ci ∩ Cj  represents the number of the same nodes in the community Ci and the

community Cj. min Ci , Cj  represents the minimum of the number of nodes in the community Ci

and the number of nodes in the community Cj. The larger Scc Ci, Cj , the more similar the structure of

the community Ci and the community Cj. Usually, when Scc Ci, Cj > 0.5, the two communities can

be merged.

2.3.4 Adaptive function
The adaptive �tness function is used to measure the tightness of a group of nodes, and its formula is
de�ned as follows:

Qf(C) =
Comg

in

Comg
in + Comg

out
α

Among them, Comg
in and Comg

out are respectively the sum of the internal degree and the external degree

of community C. In addition, Q +
f (C, v) = Qf(C ∪ v)means, The value of Qf after adding node v to the

current community; Q −
f (C, v) = Qf(C − v) means the value of Qf after node v is removed in the current

community. The parameter α is a positive real number. To control the size of the discovery community.

3. Rslo Algorithm
In this part, we will brie�y sort out the algorithm �ow and the pseudo code of RSLO, see Algorithm 1.

( ) | ( ) |
| ( ) |

( )

( )

( ) | |
( | | | |)

| |
( | | | |)

( )
( )
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Algorithm 1. RSLO

Input: NetworkG = (V, E), α, γ, δ

Output: Overlapping Community Result O = {C1, ⋯Ck}

Begin:

1. O = Φ,Seedc,ListRI,Listcore

2. For node in V(G):ListRI(node) = RI(node) END For

3. For nodei in V(G):

4. ncc = 0,nsum = Γ nodei

5. For nodej in Γ nodei :

6. If RI nodei > RI nodej : ncc+=1 End If;End For

7. If (ncc/nsum) > δ:Listcore=Listcore ∪ nodeiEnd If; End For

8. For nodei in Listcore:

9. If node not in Seedc :Cs = Φ, Cs = Cs ∪ nodei

10. For nodej in Γ nodei :sim = Svc nodei, Cs

11. If sim > γ: Cs = Cs ∪ nodej End If; End For

12. Seedc = Seedc ∪ Cs;End If; End For

13. Seedm = Φ

14. For node in Seedc:

15. If Seedm = Φ:Seedm = Seedm ∪ node End If

16. merge = True

17. For nodem in Seedm:sim = Svc node, nodem

18. IF sim > γ:smerge = node ∪ nodem

19. Seedm = Seedm ∪ smerge,Seedm = Seedm − nodem

20. merge = False; BREAK

21. End If; End For

| ( ) |
( )

( ) ( )

( ) ( )

( )
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Algorithm 1. RSLO
22. If merge = True:Seedm = Seedm ∪ node End If; End For

23. For nodes in Seedm: CI = nodes;

24. While Nv CI ! = Φ:Listcan = Φ

25. For node in Nv CI :

26. sim = Svc node, CI

27. If sim > γ: Listcan = Listcan ∪ node End If; End For

28. For nodeL in Listcan: If Q +
f CI, nodeL > Qf CI :CI = CI ∪ nodeL

29. For nodec in CI: If Q −
f CI, nodec > Qf CI :CI = CI − nodec;End If

30. End For; End If; End For

31. recalculateNv CI

32. End While;O = O ∪ CI;  End For

The overlapping community discovery algorithm based on relationship similarity and local expansion
consists of 4 parts: 1) seed community discovery; 2) seed community merging; 3) local community
expansion; 4) community �nal optimization. The discovery part of the seed community is mainly by
calculating the relationship similarity of the nodes in the network, and then selecting the core node of the
seed community according to the local information of the neighboring nodes, and forming the seed
community with the neighboring nodes of the tight structure; in the local community In the expansion
part, using the relevant information of local nodes and their neighbor nodes, select nodes that have high
relationship similarity with the community and can optimize the adaptive �tness function to join the
community, and realize the community division of all nodes based on this. Since each seed community
expands the community based on the set of community neighbors, overlapping structures in the network
can be found.

3.1 Seed community discovery stage
In the community discovery algorithm based on local expansion, the selection of core nodes in the seed
community will directly affect the accuracy of the seed community discovery. This algorithm designs a
new core node selection process. First calculate the local clustering coe�cient of the nodes in the
network, and obtain the relationship similarity of each node v based on this. Then, according to the
relationship importance of each node v, count the number ncc whose value is greater than the

( )
( )

( )

( ) ( )
( ) ( )

( )
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relationship importance of its neighbor nodes, if the ratio of ncc to the number of neighbors of node v, 
|Γ(v)|is greater than the set threshold γ, then node v is divided into the core nodes of the seed
community; then the similarity Svc between the neighbor nodes of node v and the seed community is
calculated, Find the node whose value is greater than the threshold δ, and add it to the seed community
to get the �nal seed community PC. The speci�c steps are shown in lines 1–12 of Algorithm 1.

3.2 Seed community merger stage
In the process of discovering seed communities, there may be situations where two seed communities
have a high degree of similarity. To avoid repetitive calculations in the third part, we can �rst merge seed
communities with higher community similarity. Calculate the similarity between the seed community PCi

and the seed community PCj according to Scc. If Scc PCi, PCj  is greater than the threshold δ, then

the two seed communities will be merged to obtain a tighter set of seed communities PCt. See the 13 ~ 
22 lines of Algorithm 1 for speci�c steps

3.3 Community expansion phase
After obtaining a close seed community in the second stage, the community can be expanded. The steps
of this part are as follows: �rst obtain the neighbor set Nv of the seed community, calculate the similarity 

Svc with the community according to each node in Nv, select the nodes with similarity greater than the
threshold δ as candidate nodes, and then calculate the nodes in the candidate node set After joining the
�tness function value of the local community, the candidate node that can increase the �tness function
value is added to the community, otherwise it is set as a free node in the network, and the node that
causes the �tness function value in the community to become smaller is deleted. Finally update Nv and
repeat the above steps until Nv is empty. See lines 23 ~ 32 of Algorithm 1 for speci�c steps.

3.4 Community optimization stage
In the third part, because some nodes are set as free nodes, they may not belong to any community, and
after the community is expanded, there may be communities with higher similarity. Therefore, the
expanded community needs to be optimized. When optimizing, �rst calculate the similarity Svc between
the free node and each community. When Svc is greater than the threshold δ, add it to the community,
otherwise let it become a separate community; then, calculate the similarity between the community and
the community again The degree Scc then merges the communities whose value is greater than the
threshold δ. Finally, the �nal community division result is obtained.

4. Experiment And Result Analysis
The experimental environment of RSLO is: an all-in-one computer con�gured with Intel(R) Core(TM) i5-
8400 CPU @ 2.80 GHz and 8G memory. The operating system is Windows 10 Home Edition 64-bit. The
algorithm code is implemented based on python3. The python modules used include: networkx2.4,
python-igraph0.8.2, matplotlib3.3, and the java-based network visualization tool Gephi0.9.2

( )
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4.1 Datasets
In order to test the performance of the RSLO algorithm, we selected several real network data sets that are
widely used in research experiments, and data sets based on arti�cial synthesis. Real network data sets,
especially Karate club Karate, Dolphin network Dolphins, American college football game network
Football, American political books network Pol books, etc. have become the most classic data sets in the
�eld of community discovery. Almost all algorithms are in these Experiments on data sets, it can be said
that these data sets have become benchmark data sets for measuring community discovery algorithms.
The arti�cially synthesized real data set usually refers to the synthetic data set generated based on the
LFR-benchmark [24] program. It has good node representation and community distribution differences. It
is also the arti�cially synthesized data used in many studies in recent years. Set standards. A brief
overview of these data sets will be given below, see in Table 2.

 
Table 2

Real-network datasets
No. Name Nodes number Edges number Description

1 Karate 34 78 Karate Club Network

2 Dolphins 62 159 Dolphin social network

3 Football 115 613 American Football Match Network

4 Pol Books 105 441 American Political Books Network

 

Karate [25]: A well-known real network data set based on long-term observation of 34 members of the
American college student karate club. The nodes represent the members of the karate club, and the edges
represent the relationships between the members. There is an obvious community structure, one around
the coach and the other around the club owner.

Dolphins [26]: A real network data set based on long-term observation of the contact behavior between 62
dolphins. The nodes represent dolphins, and the edges represent frequent contacts between dolphins.

Football: According to the real data set obtained by American college students in the 2000 regular
football game. The nodes represent the players, and the edges represent the friendship between the
players.

Pol books [27] According to statistics, the United States is a network of political books sold by the online
bookstore Amazon during the 2004 presidential election. The nodes represent books, and the edges
represent the purchase relationship of connected books by the same buyer.
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LFR-benchmark: It is an arti�cial synthetic network used to generate LFR benchmarks. Unlike real data
sets, the LFR synthetic network has a clearer community structure and plays an important role in testing
the performance of the community discovery algorithm. See the speci�c parameter settings in Table 3.

Table 3
LFR network parameter table

Parameter Description

N Total number of nodes

k Node average degree

maxk Maximum degree of node

minc Number of nodes in the smallest community

maxc Number of nodes in the largest community

μ Mixed parameters

On Number of overlapping nodes

Om Number of communities that overlapping nodes can belong to

 

The arti�cial data set parameters used in this article are as follows in Table 4:
Table 4

LFR datasets parameter setting
Name N k maxk minc maxc μ On Om

LFR1 2000 20 50 20 100 0.1 ~ 0.7 100 3

LFR2 1000 ~ 10000 20 50 20 100 0.3 0.5 100 3

LFR3 2000 20 50 20 100 0.3 50 100 2 ~ 10

 

4.2 Evaluation index
In the �eld of overlapping community discovery, the two most commonly used evaluation indicators are
modularity EQ [28] and Normalized Mutual Information(NMI) [29]. The two are brie�y summarized below:

Modularity EQ is used to evaluate the quality of overlapping community structure, which is mainly used
as an evaluation index for the division of real network data sets. The closer the EQ value is to 1, the better
the quality of the communities discovered by the algorithm. Usually, if its value is between 0.3 and 0.7, we
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think that the community discovery result of an algorithm is reasonable. The de�nition of modularity EQ
is as follows:

EQ =
1

2m

c

∑
k =1

∑
i , j∈ci

1
OiOj

A ij −
kikj
2m

Among them, m is the sum of the number of edges in the network; c is the number of communities found
after the algorithm runs; Oi is the number of communities to which node i belongs; ki is the degree of
node i; A ij is used to determine whether there is a node i and node j Connection, if the connection exists 
A ij = 1, otherwise its value is 0.

Standardized mutual information NMI, on the premise of knowing the real community division result, can
use NMI to measure the �t between the division result and the actual division. It measures the similarity
between two vectors from the perspective of information theory. By combining with the real community
results, the accuracy of the algorithm’s community discovery results is objectively evaluated. The value
range is between 0 and 1. For two different division results of A and B, the formula is de�ned as follows:

NMI =

−2∑CAi=1∑CBj=1Cij × log
Cij× N
Ci× Cj

∑CAi=1Ci × log
Ci .
N + ∑CBj=1Cj × log

C . j
N

Among them, C is a confusion matrix, and the element Cij in the matrix represents the number of nodes
that belong to the community i in the A division and the community j in the B division at the same time. 
CA is the number of communities in the A division. Ci .  represents the sum of the elements in the i-th row
of the confusion matrix C, and C . j represents the sum of the elements in the j-th column of the confusion
matrix C. The larger the value of NMI, it means that the community discovery result of the algorithm is
closer to the real community structure. Especially when the value of NMI is 1, the situation of the two
communities is same.

4.3 Algorithm comparison
In order to verify the performance of the RSLO algorithm, the algorithm is compared with several classic
overlapping community discovery algorithms. The contrasted algorithms include LFM algorithm, CPM
algorithm, SLPA algorithm, DEMON algorithm [30]. The real network data set and the arti�cially
synthesized data set are compared to verify the effect of the RSLO algorithm.

4.3.1 Comparison on real data sets

[ ]

( )
( ) ( )
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Figure 1 shows the results based on the EQ value of the RSLO algorithm and the classic algorithms found
in 4 other communities on 4 real sets. It can be seen from the �gure that the RSLO algorithm has good
performance in general, except that the performance on some data sets is not as good as other
algorithms. Because the algorithm can �nd high-quality seed communities, and then through community
expansion, community optimization and other steps to effectively discover the community structure in
the real network. Figure 2 and Figure 3 show the results of Karate and Dolphins. The heterochromatic
node is the overlapping node of the two communities.

4.3.2 Comparison on synthetic data sets
According to the network data set generated by the LFR benchmark, the parameter µ represents the
complexity of the community structure. The closer the value of µ is to 1, the more complex the
community structure in the synthesized network; on the contrary, the simpler the synthesized community
structure. The following experiments are carried out on the effect of different algorithms according to
different µ values. Figure 4 is the running results of different algorithms on the LFR1 arti�cial synthesis
network data set. It can be seen from the �gure that although µ takes different values, the value of NMI
obtained according to the RSLO algorithm is higher than other algorithms, and as the LFR benchmark
parameter µ increases, the downward trend of the RSLO algorithm is also greater than that of other
algorithms. The slowness proves that the algorithm has better performance in more complex networks
for other algorithms, which is mainly due to the accuracy of the selection of the core nodes of the seed
community.

In the previous section, We ran an experiment on LFR2.we presented the experimental results of the
community complexity of different algorithms in different arti�cial synthetic data sets. Next, we mainly
explain the performance of each algorithm for different community sizes. It can be seen from the Fig. 5
and Fig. 6 that for different parameters µ, the total number of nodes in the network gradually increases,
and the NMI value of the RSLO algorithm is basically stable and higher than some algorithms. This is
mainly because in addition to the precise selection of the core nodes of the seed community mentioned
above, the algorithm also processes the free nodes in the network to ensure the rationality of the
community structure to a certain extent. Therefore, the RSLO algorithm has good performance in different
community structures and arti�cial synthetic networks of different scales.

In order to detect the performance of overlapping community structures, we have compared several
algorithms for different network overlap degrees Om. We conducted experiments based on the data set
LFR3. It can be seen from the Fig. 7 that despite the different values of µ, the NMI value of the RSLO
algorithm tends to be stable and leads other algorithms to a certain extent. With the increase of Om, the
discovery of the network structure becomes more di�cult, and the performance of all algorithms will
deteriorate. This is due to the fact that after the initial seed community is issued, the discovered seed
communities are preferentially merged to ensure the quality of the discovered communities when the
community is expanded, and then the adaptive function �tness and relationship similarity are used to
compare different seed communities. Expand the community to discover nodes in an overlapping
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structure in the network. Therefore, the RSLO algorithm can realize the discovery of overlapping structures
in the network structure.

5. Conclusion
This paper proposes an overlapping community discovery algorithm (RSLO) based on relationship
similarity and local expansion, which can discover overlapping community structures in the network.
First, calculate the local clustering coe�cient of each node, and then calculate the relationship similarity
of the nodes according to the local clustering coe�cient and the connection relationship between the
nodes, and �nd the core node of the seed community according to the local clustering coe�cient, and
compare it with Nodes with close relationships together constitute a seed community. Then, the
discovered seed communities are merged according to the similarity of the communities to reduce the
amount of calculation in the community expansion stage. After that, the similarity between the neighbor
nodes of the seed community and the community is calculated, and the adaptive �tness function is used
to expand the community. Finally, optimize the result of community division, add free nodes in the
network to the community with the greatest similarity, and merge the communities with too high similarity
again to ensure the quality of the community structure discovered by the algorithm. Experimental results
show that the algorithm performs well in some real network data sets and arti�cially synthesized data
sets.
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Figure 1

EQ comparison
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Figure 2

Karate overlapping community discovery results by RSLO
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Figure 3

Dolphins overlapping community discovery results by RSLO
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Figure 4

The result of complex network parameters μ
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Figure 5

The result of different scales when μ=0.3
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Figure 6

The result of different scales when μ=0.3
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Figure 7

Results of different overlaps of networks


