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Abstract 
 

Many real networks exhibit overlapping community structures. Recent studies have been 
performed that analyze the impact of overlapping community structure on information 
propagation, but few of them concerned with individual behaviors. From this point of view, 
we propose a Markov process model to evaluate the performance of information propagation 
in social networks with overlapping community structures. In addition, many individual social 
behaviors are combined in the model. For example, individuals may exhibit selfish behaviors, 
such as individual and social selfishness, and people may discard the information after they 
have used it. The accuracy of the model is verified by simulation. Furthermore, the numerical 
results show that both overlapping community structure of the network and individual 
behaviors have a significant impact on the outbreak size and propagation speed of the 
information. Additionally, the overlapping community structure of the social network can 
reduce the impact of selfishness on information propagation.  
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1. Introduction 

With the development of network and mobile phone technology, online social media such as 
Twitter, Facebook, and Wechat has become one of the most important ways for people to 
share content and communicate with friends. Users of social media create online social 
networks of friends. As a result of their popularity, information propagates more quickly and 
widely in social networks than real society. They are exploited to propagate news, adopt 
technology and promote products. Given the importance of social networks in our society, 
they have attracted much attention from researchers in recent years; for instance, many 
researches have analyzed information propagation in microblogs [1,2], Facebook, and 
Twitter[3].  

The propagation mechanism is an important research problem for information 
propagation in social networks. In order to gain a better understanding of the propagation 
mechanism, many researches have been devoted to the modeling problem. Some researches 
have focused on information dynamic evolution [4,5]; these models describe the propagation 
process and then predict the propagation speed and range of information. Many popular 
epidemic dynamic models evolved from disease infection models. They assume that 
information propagates from an infected individual to a susceptible individual through the link 
between them [6]. The simplest models are the susceptible-infected-susceptible (SIS) model 
[7] and the susceptible-infected-remove (SIR) model [8]. The epidemic dynamic model has 
been widely used to analyze information propagation in social networks. For instance, some 
studies developed a model for rumor propagation in social networks [9], and some use 
epidemic dynamic routing in mobile social networks [10]. In this paper, we also assume 
information propagation in social networks in an epidemic dynamic way. 

In addition to propagation mechanisms, the network structure is also very important for 
the process of information propagation. Many studies have proved that network structures 
(power-law degree distribution, small-world property, hierarchical clustering effect, etc.) are 
important properties that influence information propagation in social networks [11-13]. For 
example, studies [14-16] have found that epidemics propagate on scale-free networks more 
easily than on random and small-world networks; research [17] indicated that information 
propagates more slowly in social networks with a higher clustering coefficient. Furthermore, 
many studies have shown that individuals can form different communities based on social ties 
(similar interests, occupation, age, etc.) [10]. Individuals are densely connected in the same 
community and are sparsely connected in different communities. Many algorithms have been 
developed to uncover community structure in social networks [18]. Moreover, theoretical 
network models have been proposed to describe community structure in various forms [19]. 
Community structure, which is also a special structure of social networks, plays an important 
role in information propagation [20].  

Previous studies mostly focus on information propagation in social networks with 
non-overlapping communities. However, users may belong to more than one community. For 
instance, users may participate in many groups simultaneously, for they have different 
scientific activities or personal lives (school, hobby, family) in social networks [21]. This 
implies that social networks have overlapping community structures. Furthermore, research 
[22] established that overlapping community structures pervasively existed in empirical 
networks. Recently, there have been an increasing number of studies investigating the 
overlapping communities of networks. Most are focused on detecting overlapping 
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communities in the networks [21]. A small number of studies examined epidemic propagation 
in networks with overlapping communities. For example, research [23] studied contagion 
diffusion in network characterized by a Watts-Strogatz ring lattice with an overlapping 
community structure. Research [7] studied this problem on a scale-free network model. But 
their level of overlapping communities is fixed. Research [24] investigated the epidemic 
process on a scale-free network model with different levels of overlapping communities. They 
all illustrate the important role of overlapping communities in the process of epidemic 
propagation.  

However, most studies on overlapping communities focus on epidemic difusion and only 
consider the topology of the network and do not study information transmitting in social 
networks based on individual social behaviors. Many studies have shown that users exhibit 
selfish behavior [10,25]. In particular, selfish behaviors can be divided into two classes, 
individual selfishness and social selfishness. Individual selfishness means that users may not 
be willing to forward information to other users when they receive information, while social 
selfishness means users are more willing to forward information to users in the same 
community than users in different communities [10]. Research [25] explored the impact of 
selfish behaviors on epidemic routing in mobile social networks with overlapping 
communities. However, their model only allows for networks with two communities. It is 
necessary to extend this study to more realistic situations. On the other hand, they only 
consider the impact of selfish behaviors, but our work considers more behaviors. As research 
[10] showed, users may discard information after receiving when they think it is no longer of 
any use. Additionally, users may not be interested in the information at present but may 
become interested in it in the future. These social behaviors may have a certain impact on 
information propagation. 

In this paper, we try to explore the performance of information propagation in social 
networks with overlapping community structures and the above social behaviors. For this 
purpose, we first propose a theoretical framework based on a Markov process model 
considering both overlapping community structure of network and social behaviors. We 
divide the community into overlapping and non-overlapping parts and present it using ODE 
equations that combined these behaviors. Then we check the accuracy of the model through 
simulation. Moreover, experimental results show that all of the above behaviors and 
overlapping community structures of networks have certain impacts on the outbreak size and 
propagation speed of the information. Furthermore, the impact of selfishness interacts with the 
community overlap level. With an increase in the overlap level, the impact of selfishness can 
be reduced. 

The rest of the paper is organized as follows. In section 2, we give an overview of related 
works. Section 3 presents the information propagation model with overlapping communities. 
Simulations and experimental results are shown in section 4. Finally, we conclude this paper 
briefly in section 5. 

2. Related Work 
Many studies have investigated the spread of epidemics in networks. Recent studies have 
focused on the impact of community structure on propagation. Research [26] found that the 
degree of community has a significant influence on epidemic spreading efficiency. Research 
[27] used empirical and simulated networks to investigate the spread of disease. Their results 
demonstrated that community structure strongly affects disease dynamics. Research [10] 
presented a theoretical framework to evaluate the impact of social behaviors on the 
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performance of information propagation in mobile social networks with multiple communities. 
Research [28] illustrated that the connection mixing style significantly impacted epidemic 
spreading in weighted networks and that the increase in the number of communities amplifies 
the effect of mixing style. Research [29] demonstrated that the propagation performance of a 
meme can be predicted by its early community concentration. They found that the more 
communities a meme permeates, the more it spreads. Research [30] showed that strong 
communities can facilitate global diffusion by enhancing local, intercommunity spreading. 
But the communities in these works are all assumed to be non-overlapping and few of them 
consider social behaviors. 

Several works studied information propagation in networks with overlapping community 
structures. Research [23] studied diffusion in networks with overlapping community 
structures. Through simulation of the SIR model, they found that contagions spread fast in 
networks with overlapping community structures, and short paths exist in these networks. 
Research [7] proposed a network model with overlapping community structure, and the degree 
distribution of the network follows a power law. By simulating the SIS epidemic spreading 
process in the generated networks, they found that overlapping community structure has a 
significant impact on the infection prevalence and spread velocity in the early stages of the 
infection process. Research [25] proposed a Markov process model to describe the 
performance of epidemic routing in mobile social networks with overlapping communities, 
allowing networks with two communities. They explored the impact of selfish behaviors 
based on simulation and found that selfishness makes the performance worse. Research [31] 
classified vertices as overlapping and non-overlapping. By simulating epidemic models on 
both synthetic and real-world networks, they found that overlapping vertices play a vital role 
in the spread of epidemics across communities. Research[24] proposed a rewiring algorithm 
that can change the community structure from overlapping to non-overlapping while 
maintaining the degree distribution of the network. They experimented on the SIS epidemic 
process in the generated scale-free networks and real-world networks. Results showed that 
epidemics spread faster on networks with a higher level of overlapping communities, and the 
effect interacts with the average degree's effect. However, few works have addressed the 
impact of individual behaviors on information propagation in social networks with 
overlapping communities. Thus, we believe this work is worthy of investigation. 

3. Theoretical Framework 

3.1 Network Model 
We assume that the nodes in the network can be divided into four types: uninterested, 
interested, satisfied and discarded. Uninterested nodes denote nodes that are not interested in 
the information, while interested nodes mean that the nodes are interested in the information 
but do not get it. Similarly, satisfied nodes denote that the nodes get the information, and 
discarded nodes mean that the nodes already have the information, discard it and would not 
propagate it any more.  

Nodes in the network communicate with each other by social media, such as blog sharing 
communities, microblog services, and WeChat. Individuals have an opportunity to share 
information with others. For example, they follow one person or review one message, and then 
they have an opportunity to send the information to each other. We assume that the occurrence 
of communication contact between two nodes follows a Poisson process. Therefore, the 
inter-meeting time between two nodes conforms to an exponential distribution with the 
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parameter denoted by λ . Because our goal is to evaluate the impact of selfish behaviors, we 
assume that nodes have the same communication contact model. In fact, our model can be 
easily extended to cases with heterogeneous communication contact models. 

The information propagation process is shown in Fig. 1; a satisfied node in the network 
can send the information to the interested node with certain probability when they have 
communication contact. Similar to the work [32], we assume that an uninterested node 
changes to interested and that satisfied nodes discard the information according to exponential 
distribution with parameter ρ  and µ , respectively.  

 
Fig. 1. Information propagation process 

 
In our work, the network has a finite number N of individuals. At the beginning, only 

one satisfied node has the information. The network is divided into K  communities due to 
some interests, and any two communities may overlap. That is to say, one node belongs to at 
most two communities, and there are 2

KC overlap parts at most. Fig. 2 shows an example of a 
network with 3  communities. Due to the selfish nature, a satisfied node in j  community 
helps an interested node in i  community with probability jip . 1 iip−  denotes individual 
selfishness, and 1 jip−  denotes social selfishness. 

 
Fig. 2. Example of network with overlapping communities 

 

3.2 Information Propagation Process 
Now, we model the information propagation process based on the network model described in 
Section 3.1. We begin to give some definitions as follows. Let ( )iX t  denote the number of 
satisfied nodes in community i at time t  and ( )ijMX t  denote the number of satisfied nodes 
belonging to community i  and j  simultaneously ( , [1, ]i j K∈ , ( ) 0iiMX t = , 

( ) ( )ji ijMX t MX t= ). Similarly, ( )iY t  and ( )ijMY t denote the number of interested nodes; 
( )iZ t and ( )ijMZ t  denote the number of uninterested nodes; ( )iD t and ( )ijMD t  denote the 

number of discarded nodes. In the above definitions, the nodes in community i  contain nodes 
that belong to both communities i  and j . A community can be divided into two components. 
One component is the non-overlapping part, in which nodes belong to one community only. 
Another component is overlapping parts including 1K −  overlapping parts, in which nodes 

uninterested interested satisfied discarded 



5932                           Zhao et al.: Information Propagation in social networks with Overlapping community structure 

belong to two communities. 
As shown above, interested nodes may become satisfied nodes. On the other hand, the 

satisfied nodes may discard information. Thus, for satisfied nodes in community i , given a 
small time interval t∆ , we can obtain 

{ ( ) ( )} { ( )}

{ ( )}

( ) ( ) 1 ( , ) 2 ( , )

( , ),

i ij ij
j

i

i i k kk Y t MY t k MY t
j
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t t t
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∈ − ∈
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− + ∆

∑ ∑∑

∑
      (1) 

Symbol { ( ) ( )}i ij
j

Y t MY t−∑  and { ( )}ijMY t denote the set of interested nodes in 

non-overlapping parts and overlapping parts of community i  at time t , respectively. { ( )}iX t  
denotes the set of satisfied nodes. Additionally, 1 ( , )k t t tj + ∆  denotes whether node k  in the 
non-overlapping parts receives information in time interval [ , ]t t t+ ∆ , while 2 ( , )k t t tj + ∆  
denotes whether node k  in the overlapping parts receives information. If 1 ( , ) 1k t t tj + ∆ = , we 
say node k  in the non-overlapping parts receives information in time interval [ , ]t t t+ ∆ , but 
node k  does not receive information if 1 ( , ) 0k t t tj + ∆ = . Similar means of 2 ( , )k t t tj + ∆ . 

For an interested node k  in community i , it may receive information from satisfied 
nodes in any community. First, when node k  is in the non-overlapping part, there are 

( ) ( )j ijX t MX t−  satisfied nodes in community j , which are not in the same community as k  
(the set of these nodes marked as A ), and every one of them may forward information toward 
node k . Because nodes encounter each other according to exponential distribution with 
parameter λ  and taking into account that k  receives information from a node in A  with 
probability jip , k  does not receive information from the nodes in A  with probability 

( ) ( )(1 (1 )) j ijX t MX tt
jip e λ −− ∆− − . Avoiding repeating calculation of overlapping parts, we can 

obtain 

,
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Second, when node k  in the overlapping part belongs to both community i  and j , there 
are ( ) ( ) ( )g gi gjX t MX t MX t− −  satisfied nodes in community g , which are not in the same 
community as k  (the set of these nodes marked as B ). Therefore, node k  does not receive 
information from the set of B  with probability ( ) ( ) ( )(1 (1 )) g gi gjX t MX t MX tt

gqp e λ − −− ∆− − , q i=  or 
j， max{ , }gq gi gjp p p= . Similarly, avoiding repeating calculation of overlapping parts, we 

have 
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Additionally, ( , )k t t tσ + ∆ denotes whether node k  discards information in time interval 
[ , ]t t t+ ∆ . Because the satisfied nodes discard information according to exponential 
distribution with parameter µ , we have 

( ( , ) 1) 1 i t
kP t t t e µσ − ∆+ ∆ = = −                                                    (4) 

Combining with Eqs.(1)-(4), we can obtain the expectation as follows, 
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Further, we have 
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By exchanging the order of expectation and exponential distribution [33,34], we can get 
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And the following equation 
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Then, we get the following ODE equation 
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Similarly, for the satisfied nodes belonging to both community i  and j , we can obtain 
the equation as follows, 
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Then, we get the following ODE equation 
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For the interested nodes in community i , we have 
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Symbol ( , )k t t tυ + ∆  denotes whether uninterested node k  becomes an interested node 
in time interval [ , ]t t t+ ∆ . Note that the process changes according to an exponential 
distribution with parameter ρ ; therefore, 
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kP t t t e ρυ − ∆+ ∆ = −                                                      (13) 

Similar to Eq.(9), we can get 

1

, 1

, ,

( ( )) ( ( ( )) ( ( ))) ( ( ( ( )) ( ( )))

( ( ))) ( ( )) ( ( ( ( )) ( ( ))

( ( ))) ( ( )) E( ( ))) ( ( ))

K

i i ij ji j ij
j j

K

gq gq ij gq g gi
g q i j g

gj pq pq ii ij i i
p q i j

E Y t E Y t E MY t p E X t E MX t

p E MX t E MY t p E X t E MX t

E MX t p E MX t p MX t E Z t

λ

λ

ρ

=

≠ =

≠

= − − ⋅ −

− − ⋅ −

− − + +

∑ ∑

∑ ∑ ∑

∑



        (14) 

Using similar methods, we also obtain the following ODE equations 
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( ( )) ( ( )), ( ( )) ( ( ))),i i i ij i ijE Z t E Z t E MZ t E MZ tρ ρ= − = −                   (16) 

 ( ( )) ( ( )), ( ( )) ( ( ))).i i i ij i ijE D t E X t E MD t E MX tµ µ= =                       (17) 

Combined with Eqs. (9), (11), (14), (15), (16) and (17), we can get 2N CK+  unknowns 
and 2N CK+ equations. Therefore, we can get the value of these unknowns easily by the Matlab 
ODE suite. 

4. Simulation and Experimental Results 
In this section, we provide a performance evaluation. We try to explore how the network 
structure–overlapping communities and the social behaviors impact information propagation. 
Our main objective is to know the maximum number of nodes that have ever received the 
information and the propagation speed of information. For example, the businessman hopes to 
maximize the number of people who have ever received the advertisements. Thus, we use the 
metric ( )R t  to evaluate the performance of the information propagation. 

( )
1 1 1 1

= ( ( )) ( ( )) ( ( )) ( ( ))
K K K K K K

j j ij ij
j j i j i i j i

E X T E D T E MX T E MD TR t
= = = = = =

+ − −∑ ∑ ∑∑ ∑∑      (18) 

The symbol ( )R t  denotes the total number of nodes that have ever received the 
information at time t , including the satisfied nodes and discarded nodes. Obviously, the 
bigger ( )R t  is, the wider the information propagation range will be. 
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4.1 Simulation result 
In this subsection, we check the accuracy of our theoretical model by conducting simulations 
using Matlab simulator. We set 1800N = nodes, including 1 300T = interested nodes and 

2 1500T = uninterested nodes at time 0. Without loss of generality, we evenly divided these 
nodes into 5 communities. That is, 5K = , and there are 2 10KC =  overlapping parts. 

We define community overlap level P , which is a probability denoting the percentage of 
nodes in the overlapping portion of the total nodes. We can obtain that every overlapping part 
has 21 1 / KM P T C= × interested nodes and 22 2 / KM P T C= × uninterested nodes. Similarly, 
we can obtain that every community has ( )1 1 1/ ( 1) 1S P T N N M= − × + − ×  interested nodes 
and ( )2 1 2 / ( 1) 2S P T N N M= − × + − × uninterested nodes. 

In simulation, we set the parameter 0.5P = . Therefore, every overlapping part has 90  
nodes, and every community has 540  nodes (including interested nodes and uninterested 
nodes). We assume that only one node has the information at time 0 , and this node is in the 
non-overlapping parts of the first community. Furthermore, we assume that nodes in one 
community send the information to nodes in other communities with probability 0.2  and 
nodes in the same community with probability 0.8 . Additionally, we set 63.71 10λ −= × [10], 

0.0002iµ µ= = , 0.0001iρ ρ= = , 1 i K≤ ≤ . Let maximal lifetime T increase from 1s  to 
50,000s , and we run simulations 10  times; the results are shown in Fig. 3. 
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Fig. 3. Comparison between simulation and theoretical results 

 
As shown in Fig. 3, the average deviation between the theoretical result and the 

simulation is very small, about 4.46% . This demonstrates the accuracy of our theoretical 
model. For this reason, we will only carry out the theoretical case for the performance analysis. 

4.2 Impact of overlapping community 
First, we will explore the impact of the overlapping communities on information propagation. 
From this subsection, we set total nodes 3000N = , include 1 satisfied node, 499 interested 
nodes and 2500  uninterested nodes. Other settings are the same as that in the simulation. Fig. 
4 a) shows the final outbreak size of information with a maximal information lifetime value 
increase from 0  to 10 000，  and community overlap level =0.2P  and =0.8P . Fig. 4 b) shows 
the final outbreak size of information with value of P  increase from 0  to 1 and a varying 
maximal information lifetime. 



5936                           Zhao et al.: Information Propagation in social networks with Overlapping community structure 

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
0

500

1000

1500

2000

2500

3000

Maximal information lifetime T

V
al

ue
 o

f R
(t)

 

 

overlapping P=0.8
overlapping P=0.2

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

500

1000

1500

2000

2500

3000

overlap P

V
al

ue
 o

f R
(t)

 

 
T=3000s
T=5000s
T=6000s
T=8000s

 
a) Different overlapping community level        b) Different maximal information lifetime 

Fig. 4. Impact of the community overlap level 
 

From the results shown in Fig. 4, we can know that the community overlap level impacts 
information propagation. We can see from Fig. 4 a) that the information propagates faster 
when the community overlap level P  is bigger, and the outbreak size is almost the same when 
the maximal information lifetime is long enough. However, by comparing the trends of the 
four curves in Fig. 4 b), we find that there is some inconsistency in the influence of community 
overlap level with different maximal information lifetimes. The increase in speed of outbreak 
size with a higher maximal information lifetime is larger than that with a lower maximal 
information lifetime. But when 8000T s= , the value of ( )R t  remains almost unchanged with 
an increase in the community overlap level P . Thus, the community overlap level affects the 
information propagation speed but does not impact the information outbreak size when the 
information lifetime is long enough. The overlapping community level impacts the 
information propagation speed because nodes in the overlapping parts have greater probability 
of sending the information to more nodes. 

4.3 Impact of selfishness 
Many works proved that selfishness influences information propagation. We will explore the 
impact of individual selfishness on networks with overlapping communities. We fix the 
community overlap level as =0.4P  and other settings are the same as those in the overlapping 
community analysis. Let individual selfishness vary from 0  to 1. We obtain Fig. 5 a). This 
shows the final outbreak size of information with an increase in individual selfishness from 0  
to 1 and a varying maximal information lifetime. In order to analyze the case with different 
levels of individual selfishness, we assume social selfishness 1 1 1,1 , ,i jijp p i j K= − = ≤ ≤ ≠ , 
which indicates information propagation within the community. Additionally, we fix 

10,000T s= , and other settings are the same as those in the overlapping community analysis; 
we get Fig. 5 b). This shows the final outbreak size of information with value of P  increase 
from 0  to 1 as well as varying individual selfishness 2 1 0.2,0.5,0.7,0.9iip p= − = . 
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Fig. 5. Impact of individual selfishness 
 

By analyzing the results shown in Fig. 5 a), we know that the outbreak size decreases 
with the increase in individual selfishness. But there is some difference in the three curves. 
When the maximal information lifetime is =5000T s , the value of ( )R t  changes quickly. 
When the maximal information lifetime is =10,000T s , the value of ( )R t  changes slowly. 
However, when the maximal information lifetime is =30,000T s , the value of ( )R t  is almost 
unchanged. Thus, individual selfishness impacts the outbreak size of information when the 
maximal information lifetime is not long enough. 

From Fig. 5 b) we know that the outbreak size increases with the growth in community 
overlap level P  for different levels of individual selfishness. Therefore, the overlapping 
community structure reduces the impact of individual selfishness. However, there is little 
inconsistency in the influence of community overlap level P  for different levels of individual 
selfishness. When the individual selfishness is 2 0.9p = , the value of ( )R t  is almost 
unchanged. Thus, extreme selfishness influences information propagation severely. When 
individual selfishness is 2 0.7p = , the value of ( )R t  increases all the time with the growth in 
community overlap level P . Additionally, when individual selfishness is lower, the value of 
( )R t  increases at the beginning, while the value is almost unchanged in the later stages with 

the growth in the community overlap level, and the value of ( )R t  is no more than 2000 .  
Now, we begin to explore the impact of social selfishness on information propagation in 

networks with overlapping communities. Similarly, we fix the community overlap level as 
=0.4P , and the other settings are the same as those in the overlapping community analysis. 

Let individual selfishness vary from 0  to 1. We obtain Fig. 6 a). It shows the final outbreak 
size of information propagation with an increase in social selfishness from 0  to 1 and varying 
maximal information lifetime. In order to analyze the case with different levels of social 
selfishness, we assume individual selfishness 2 1 0,1 , ,i jiip p i j K= − = ≤ ≤ ≠ , which means 
nodes in the same community show altruism toward each other, and social selfishness 

1 1 0.5,0.7,0.9ijp p= − = . Additionally, we fix 5000T s= , and the other settings are the same 
as those in the overlapping community analysis. We can obtain Fig. 6 b) for the outbreak size 
of information with an increase in community overlap level P from 0  to 1.  
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Fig. 6. Impact of social selfishness 
 

As shown in Fig. 6 a), outbreak size decreases with the increase in social selfishness 
when the maximal information lifetime is =5000T s . But, when the maximal information 
lifetime is =10,000T s  or =30,000T s , the value of ( )R t  is almost unchanged. Thus, social 
selfishness has an impact on information propagation, but the impact on the outbreak size of 
information is weak when the maximal information lifetime is long enough. 

From the results shown in Fig. 6 b), we know that outbreak size increases with the growth 
in community overlap level P  for different levels of social selfishness. The increase in speed 
of outbreak size with greater social selfishness is lower than that with less social selfishness. 
Additionally, the value of ( )R t  remains unchanged with the growth in community overlap 
level when social selfishness is 0.5  and the value of ( )R t  is no more than 1500 .  

The results illustrated in Fig. 5 and Fig. 6 can be explained by the impact of selfishness 
on information propagation in networks with overlapping communities and by the fact that an 
overlapping community structure can reduce the influence of selfishness; more nodes are in 
the overlapping parts and more nodes send information with higher probability. But the impact 
of the overlapping community structure on the information propagation is weak when the 
social selfishness level is small. The impact of selfishness plays a decisive role in information 
propagation. . 

4.4 Impact of the changed probability 
As described above, the satisfied nodes discard information according to exponential 
distribution with parameter iµ  in community i . Now, we begin to explore the impact of these 
parameters. For simplicity, we set iµ µ=  and maximal information lifetime 50,000T s= ; the 
other settings are the same as those in the overlapping community analysis. Fig. 7 shows the 
final outbreak size of information with an increase in the value of µ  from 0.0001 to 0.005  
and varying community overlap level P . 
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Fig. 7. Impact of the parameter µ  

 
From the results shown in Fig. 7, we can see that the outbreak size decreases with the 

growth in parameter µ . Furthermore, we find that ( )R t  equals about 1  as µ  reaches a 
certain value. This means that none of the nodes can receive information other than the one 
received information at time 0 . Additionally, the speed at which ( )R t  reaches about 1 is 
slower when the community overlap level P  is large. We know that the larger the µ , the 
higher the probability that the nodes discard the information. The information may disappear 
from the network by adjusting the parameters, and the overlapping community structure can 
reduce the influence of discarding. 

In order to analyze the impact of the probability of uninterested nodes becoming 
interested nodes, we assume 0.001iµ µ= = , iρ ρ= ,1 i K≤ ≤ . We obtain Fig. 8 for the final 
outbreak size of information with a value of ρ  increase from 0.0001 to 0.005  and varying 
community overlap level P . 
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Fig. 8. Impact of parameter ρ  

 
As shown in Fig. 8, the outbreak size increases with the growth of parameter ρ  at the 
beginning and becomes steady as ρ  reaches about 0.001 . Furthermore, we find that the 
increase in speed of ( )R t  with different community overlap level P  is almost the same, but 
the final value of ( )R t  is little changed. This result shows that uninterested nodes become 
interested nodes with larger probability, the information propagation will perform better, but 
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the variance is small. Additionally, ( )R t  is large when the community overlap level P  is 
large. This demonstrates that the overlapping community structure can help information 
propagation but with little correlation with parameter ρ . 

5. Conclusion 
Considering that many real social networks exhibit overlapping community structures in 
which nodes may belong to more than one community, in this paper, we presented a Markov 
process model to analyze information propagation in social networks with this structure and 
combined many individual social behaviors as well. The simulation results show that our 
model is very accurate. The experiments results show that the individual social behaviors have 
a certain impact on the performance of information propagation in networks with overlapping 
communities, and the impact of social behavior interacts with the impact of overlapping 
communities. First, the information propagates faster when the overlapping community level 
is bigger. Second, individual selfishness and social selfishness impact the outbreak size and 
propagation speed of information propagation in networks with overlapping communities, and 
the overlapping community structure can reduce the influence of selfishness. Third, people 
may discard information after they use it; when the discard probability is large enough, the 
information may disappear from the network, and the overlapping community structure can 
reduce the influence of discarded behavior. Finally, uninterested nodes become interested 
nodes with large probability, the information propagation will perform better, and the outbreak 
size is somewhat larger when the community overlap level is large. The result of our work may 
provide new ideas for investigating information propagation in online social media. 

Some limitations of our study should be noted, which can be addressed in future studies. 
First, our study investigates information propagation only theoretically. In the future, we will 
collect a large number of data from real networks to conduct empirical studies and perfect our 
model. Second, we assume that one node belongs to at most two communities, but one node 
may belong to many communities in the real world. We plan to extend the model in future 
work. Nevertheless, our model is comparable to those in earlier studies on overlapping 
communities. 
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